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(Shuhui Qu, Wang, ) . X
162 & Jasperneite, Produgtlon Prescriptive Time; Cost Mz?mhlne/ Vertical Real-time Relnforcgment 2
2018) Planning Tool; Process Learning
(Ragab, Ouali, - L
163 Yacout, & Osman, Con?mpn Predictive Time; Cost Machine/ Tool No Integration H'Stonﬁa" Classification 6
2016) Analysis Batcl
(Ragab, Yacout, " . .
164 Ouali, & Osman, Contljmqn Predictive Time; Cost Machine/ Tool No Integration H|stom|;al/ Classification 6
2017) Analysis Batcl
. Lo . N Process; . . e
165 (Ranijit et al., 2015) Monitoring Descriptive Time; Cost Human Horizontal Real-time Classification 3
(Lei Ren, Cui, Sun, Condition - N . . Historical/ )
166 & Cheng, 2017) Analysis Predictive Time; Cost Machine/ Tool No Integration Batch Deep Learning 6
(Lei Ren, Sun, Cui, Condition - N . . Historical/ )
167 & Zhang, 2018) Analysis Predictive Time; Cost Machine/ Tool No Integration Batch Deep Learning 6
(Rivera Torres,
Anido Rifén, & Production . N . . Probabilistic
168 Serrano Mercado, Planning Predictive Time; Cost Process No Integration Real-time Methods 6
2018)
(Rivera Torres,
Serrano Mercado, Production - N . . Historical/ Probabilistic
169 & Anido Rifén, Planning Predictive Time; Cost Machine/ Tool Vertical Batch Methods 6
2018)
(J. J. Rodriguez, . L
170 Quintana, Bustillo, gg:t“rtgl Predictive Conformance Machine/ Tool Vertical ngt;tr(':ﬁav Classification 1
& Ciurana, 2017)
(Rodseth & Condition - N . . Historical/ Custom
171 Schiglberg, 2016) Analysis Predictive Time; Cost Machine/ Tool No Integration Batch Development 6
(Radseth, Condition
172 Schjglberg, & Analysis Predictive Time; Cost Vertical Real-time Deep Learning 3
Marhaug, 2017) Y
(Rude, Adams, & Performanc - — Machine/ . " Custom
173 Beling, 2018) e Analysis Descriptive Time; Cost Tool; Process Vertical Real-time Development 3
(Saez, Maturana, Performanc Machine/ Custom
174 Barton, & Tilbury, vsi Diagnostic Time; Cost I Vertical Real-time ) 3
2018) e Analysis Tool; Process Development
(Safizadeh & Latifi, Defect . . N . . Historical/ e
175 2014) Analysis Diagnostic Time; Cost Machine/ Tool No Integration Batch Classification 5
(Saha, Aglan, Lam, a . N Customer; . " . )
176 & Boldrin, 2016) Prescriptive Time; Cost ERP Horizontal Real-time Fuzzy Logic
Dimension
(Saldivar, Goh, Design - Customer Product; o " Reduction;
17 Chen, & Li, 2016) Analysis Prescriptive Satisfaction Customer End-to-End Real-time Mathematical 6
Optimization
(Santhana Babu,
Giridharan, Conformance;
Ramesh Quality - ! . . Historical/ Custom
178 Narayanan, & Control Predictive Cu_stomfsr Machine/ Tool No Integration Batch Development 1
Satisfaction
Narayana Murty,
2016)
(Saucedo-
179 Espinosa, Defec_t Descriptive Time; Cost Machine/ Tool No Integration Historical/ Classification 5
Escalante, & Analysis Batch
Berrones, 2017)
(Schuh, Prote, Production Historical/
180 Luckert, & g Prescriptive Time; Cost Process No Integration Classification 2
" Planning Batch
Hinnekes, 2017)
(Shaban, Yacout, Condition Historical/
181 Balazinski, & Analysis Descriptive Time; Cost Machine/ Tool No Integration Batch Classification 5
Jemielniak, 2017) 4
(H. Shao et al., Defect . . L . . Historical/ )
182 2018) Analysis Diagnostic Time; Cost Machine/ Tool No Integration Batch Deep Learning 5
(J.-H. Shin, Kiritsis, .
183 & Xirouchakis, Eesl'gf‘ Diagnostic Cu_stfomfsr Product End-to-End Real-time Clustering 6
2015) nalysis Satisfaction
(Shiue, Lee, & Su, Production - . Machine/ " " Reinforcement
184 2018) Planning Prescriptive Time; Cost Tool: Process No Integration Real-time Learning 2
(Soualhi, Razik, - -
Defect - N . . Historical/ Probabilistic
185 g(l)irj) & Doan, Analysis Predictive Time; Cost Machine/ Tool No Integration Batch Methods 6
(Spezzano & Vinci, Condition - N . . " .
186 2015) Analysis Descriptive Time; Cost Machine/ Tool No Integration Real-time Clustering 4
(Sreenuch, Condition
187 Tsourdos, & - Descriptive Time; Cost Machine/ Tool Vertical Real-time Classification 5
X Analysis
Jennions, 2013)
: - Time; Cost; . Historical/ Regression; ;
188 (Stefanovic, 2015) - Predictive Flexibility ERP Vertical Batch Clustering
(Subramaniyan,
Skoogh,
189  Gopalakrishnan, Monitoring Descriptive Time; Cost Process No Integration Real-time Classification 3
Salomonsson, et
al., 2016)
190 (Susto, Beghi, & Monitoring Diagnostic Time; Cost Process No Integration Real-time Classification 3

McLoone, 2017)



No. Reference Function Maturity Objective Data Source Integration Frequency Method Cluster
(Muhammad
Syafrudin, Alfian, L . N . . . I
191 Fitriyani, & Rhee, Monitoring Predictive Time; Cost Machine/ Tool Vertical Real-time Classification 3
2018)
(Somkiat
Tangjitsitcharoen & Condition - N . . i Custom
192 Wongtangthinthan, Analysis Predictive Time; Cost Machine/ Tool No Integration Real-time Development 4
2016)
(Tong, Teng, Sun, Performanc L . } Historical/ Evolutional
193 & Guan, 2018) e Opt. Prescriptive Time; Cost Process Horizontal Batch Algorithm 3
(Tristo, Bissacco, Energy Cost: Custom
194 Lebar, & Cons. Descriptive Sustaina’bili Machine/ Tool No Integration Real-time Development 3
Valentingig, 2015) Analysis ty p
(Trunzer et al., Defect . . . . Historical/ I
195 2017) Analysis Descriptive Time; Cost Machine/ Tool No Integration Batch Classification 5
- . Conformance; -
196 (vafeiadis et al., Quality Descriptive Customer Product No Integration Historical/ Classification 1
2018) Control - N Batch
Satisfaction
(Villalonga,
Beruvides, Condition - . Machine/ ; . Custom
197 Castafo, Haber, & Analysis Descriptive Time; Cost Tool; Process Vertical Real-time Development 3
Novo, 2018)
(Vrabic, Kozjek, & - - N Machine/ . i e
198 Butala, 2017) Monitoring Predictive Time; Cost Tool: Process Vertical Real-time Classification 3
(Vununu, Moon, Defect . N . . Historical/ .
199 Lee, & Kwon, 2018) Analysis Descriptive Time; Cost Machine/ Tool No Integration Batch Deep Learning 5
200  (Wanetal., 2017) i‘;’;‘f}'};’; Predictive Time; Cost Machine/ Tool Real-time Classification 4
(Guofeng Wang, Condition - N . . Historical/ .
201 Guo, & Qian, 2014) Analysis Predictive Time; Cost Machine/ Tool No Integration Batch Regression 6
(Guofeng Wang, Condition
202 Guo, & Yang, Analysi Descriptive Time; Cost Machine/ Tool No Integration Real-time Classification 4
2013) nalysis
(Guofeng Wang, - L
203 Liu, Cui, & Feng, Condmc_m Predictive Time; Cost Machine/ Tool No Integration Historical/ Regression 6
2014) Analysis Batch
(Guofeng Wang, Condition
204 Yang, Xie, & Analysis Descriptive Time; Cost Machine/ Tool No Integration Real-time Classification 4
Zhang, 2014) Y
(J. Wang et al., Performanc - Time; Cost; Machine/ . " Reinforcement
205 2016) e Opt. Prescriptive Flexibility Tool; Process Vertical Real-time Learning 2
. . Machine/ L .
(Shijin Wang & Liu, Production A N N X . Historical/ Mathematical
206 2015) Planning Prescriptive Time; Cost TooI,EP'{gcess, No Integration Batch Optimization 2
(Xiao Wang, Wang, Maintenanc o N . . Historical/ Reinforcement
207 & Qi, 2016) e Planning Prescriptive Time; Cost Machine/ Tool Vertical Batch Learning 2
(Yue Wang & Design . . Customer . Historical/ Custom
208 Tseng, 2014) Analysis Diagnostic Satisfaction Customer End-to-End Batch Development 6
(Yi Wang, Xu, N . .
209 Liang, & Jiang, ADeflec_t Diagnostic Time; Cost Machine/ Tool No Integration Hlstorlﬁall Dlmens_lon 5
2015) nalysis Batc Reduction
Machine/ —
210 (Waschneck et al., Production Prescriptive Time: Cost Tool; Process; Vertical Historical/ %i?r?f;ﬁ:zmg]rgt’ 2
2018b) Planning p ' Customer; Batch ¥
Learning
ERP
(Wedel, von Hacht,
211 Hieber, Metternich, F;e/&fg;rlnz;?sc Predictive Time; Cost Machine/ Tool Vertical Real-time De\?:lzlor?ent 3
& Abele, 2015) 4 p
(Weimer, Scholz- ) -
212 Reiter, & Shpitalni, Quality Descriptive Conformance Product No Integration Historicall Deep Learning 1
2016) Control Batch
(J. Wen, Gao, & Condition - N . . " Custom
213 Zhang, 2018) Analysis Predictive Time; Cost Machine/ Tool No Integration Real-time Development 4
. . . . . : Custom
214 (D. Wuetal., 2017) Monitoring Predictive Time; Cost Machine/ Tool No Integration Real-time Development 3
(D. Z.Wu,
215 Jennings, Conqun Predictive Time; Cost Machine/ Tool No Integration Real-time Classification 4
Terpenny, Gao, & Analysis
Kumara, 2017)
Condition - — . . . .
216 (J. Wu et al., 2018) Analysis Predictive Time; Cost Machine/ Tool No Integration Real-time Fuzzy Logic 4
(W. Wu, Zheng, - -
217 Chen, Wang, & Conqun Descriptive Time; Cost Machine/ Tool No Integration Real-time Probabilistic 4
Analysis Methods
Cao, 2018)
(Yuting Wu, Yuan, Condition Historical/
218 Dong, Lin, & Liu, Analysi Predictive Time; Cost Machine/ Tool No Integration h Deep Learning 6
2018) nalysis Batcl
(Thorsten Wuest, " Conformance; h L
219 Irgens, & Thoben, ggr?t“rtgl Descriptive Customer To’\éllégwféss No Integration Real-time Clglsus;ftlgﬁ::on, 1
2014) Satisfaction ; 9
(Xanthopoulos,
Kiatipis, Maintenanc - —— . : Historical/ Reinforcement
220 Koulouriotis, & e Planning Prescriptive Time; Cost Machine/ Tool Vertical Batch Learning 2
Stieger, 2018)
(Xiaoya Xu, Zhong, Security/ Custom
221 Wan, Yi, & Gao, Risk Descriptive Security Human No Integration Real-time Development 3
2016) Analysis P
Security/
222 (Xun, Zhu, Zhang, Risk Descriptive Security Machine/ Tool No Integration Real-time Classification 3
Cui, & Xiong, 2018) .
Analysis
223 (H. H. Yanetal, Condition Predictive Time; Cost Machine/ Tool No Integration Real-time Deep Learning 4

2018) Analysis



No. Reference Function Maturity Objective Data Source Integration Frequency Method Cluster
(J. Yan, Meng, Lu, Condition - N . . Historical/ .
224 &Li, 2017) Analysis Predictive Time; Cost Machine/ Tool No Integration Batch Regression 6
(Jun Yang, Zhou, Security/ .
225 Yang, Xu, & Hu, Risk Descriptive Security To’\clylla'ul;hrlczféss No Integration Real-time DeSelzjlf)torwent 3
2018) Analysis ’ P
L Classification;
226 (WA Yang, Zhou, Condmpn Predictive Time; Cost Machine/ Tool No Integration Real-time Swarm 4
Liao, & Guo, 2016) Analysis "
Intelligence
227 (Z Yangetal, Monitorin Predictive Time; Cost Process No Integration Historicalf Regression 6
2018) 9 , 9 Batch 9
(F. Yaoetal., Production . N Machine/ Vertical; i Custom
228 2018) Planning Prescriptive Time; Cost Tool; Process Horizontal Real-time Development 2
(G. Yin, Zhang, Li, Defect . . N . . i I
229 Ren, & Fan, 2014) Analysis Diagnostic Time; Cost Machine/ Tool No Integration Real-time Classification 4
] ) Conformance; B Regression;
230 ().(‘ Yin, He, Niu, & Quality Opt. Prescriptive Customer M’?‘Chme/ No Integration Real-time Evolutional 1
Li, 2018) y - Tool; Process .
Satisfaction Algorithm
231 (Yuan, Zhang, & Defec.t Diagnostic Time; Cost Machine/ Tool No Integration Real-time Deep Learning 4
Duan, 2018) Analysis '
(Yunusa-Kaltungo Condition - N . . i -
232 & Sinha, 2017) Analysis Descriptive Time; Cost Machine/ Tool No Integration Real-time Classification 4
(Yuwono et al., Defect . : N . . Historical/ Classification;
233 2016) Analysis Diagnostic Time; Cost Machine/ Tool No Integration Batch Clustering 5
(Zarei, Tajeddini, & Defect . N . . Historical/ e
234 Karimi, 2014) Analysis Descriptive Time; Cost Machine/ Tool No Integration Batch Classification 5
. . . Deep Learning;
235 gnzga}lffn L2”(?i7) i?a?'t;?: Predictive Time; Cost Machine/ Tool No Integration H|§;0trclf1all Evolutional 6
) , y Algorithm
(C. Zhang, Yan, .- . N Machine/ . . Dimension
236 Lee, & Shi, 2018) Monitoring Descriptive Time; Cost Tool: Process Horizontal Real-time Reduction 3
(C. Zhang & Zhang, Condition - N . . Historical/ I
237 2016) Analysis Predictive Time; Cost Machine/ Tool No Integration Batch Classification 6
(J. Zhang, Ahmad, . . -
: Design - Customer Process; Historical/ Custom
238 \2/312‘)& Harrison, Analysis Predictive Satisfaction Product End-to-End Batch Development 6
(L. Zhang, Gao, Condition Custom
239 ngg) Fu, & Liu, Analysis Descriptive Time; Cost Machine/ Tool No Integration Real-time Development 4
(Xinmin Zhang, - . . N . i Dimension
240 Kano, & Li, 2018) Monitoring Diagnostic Time; Cost Process Horizontal Real-time Reduction 3
(Yingfeng Zhang, . -
241 Ma, Yang, Lv, & - Prescriptive Sustainability M?Chme/ Ve_rtlcal, Real-time Custom -
. Tool; Process Horizontal Development
Liu, 2018)
(Z.J. Zhang & Condition - N . . i .
242 Zhang, 2015) Analysis Predictive Time; Cost Machine/ Tool No Integration Real-time Regression 4
(L. Zhao, Yan,
243 Wang, & Yao, Monitoring Descriptive Time; Cost Process Horizontal Real-time Classification 3
2018)
(R. Zhao et al., Condition . . N . . " .
244 2018) Analysis Diagnostic Time; Cost Machine/ Tool No Integration Real-time Deep Learning 5
(C. Zheng, Dai,
245  Zhang, Hu, & Guo, Monitoring Descriptive Time; Cost Process No Integration Real-time Classification 3
2017)
Time; Cost;
(H. Zheng, Feng, Performanc - Conformance; Machine/ ) " .
246 Gao, & Tan, 2018) e Analysis Predictive Customer Tool; Process Vertical Real-time Regression 3
Satisfaction
(X. C. Zheng, Time; Cost;
247 Wang, & Ordieres- Monitoring Descriptive s L Human No Integration Real-time Deep Learning 6
ecurity
Mere, 2018)
(R. Zhong, Huang, . . §
248 Dai, & Zhang, P:l)duc_tlon Diagnostic Tlrlne,_ (?lqst, Process Vertical Real-time Classification 2
2014) anning Flexibility
(Ray Y Zhong, Condition - N . . " Custom
249 Wang, & Xu, 2017) Analysis Descriptive Time; Cost Machine/ Tool Vertical Real-time Development 3
(J. Zhu, Chen, & Condition - — . . Historical/ Dimension
250 Peng, 2018) Analysis Predictive Time; Cost Machine/ Tool No Integration Batch Reduction 6
(K. Zhu & Liu, Condition L — . . " Probabilistic
251 2018) Analysis Predictive Time; Cost Machine/ Tool No Integration Real-time Methods 4
(X. Zhu, Xiong, & Defect . . — . . Historical/ -
252 Liang, 2018) Analysis Diagnostic Time; Cost Machine/ Tool No Integration Batch Classification 5
(Ziani, Felkaoui, & Defect . . . . . Historical/ -
253 Zegadi, 2017) Analysis Diagnostic Time; Cost Machine/ Tool No Integration Batch Classification 5
(Zou, Xia, & Li, Lo . . . . Historical/ .
254 2018) Monitoring Diagnostic Time; Cost Process Horizontal Batch Regression 3
(Zurita, Delgado, . -
255 Carino, Ortega, & P;,?:r:filr']on Predictive Time; Cost Process Horizontal H'gl;t'lﬁa" Fuzzy Logic 2
Clerc, 2016) 9
Condition - N . . Historical/ .
256 (Mrugalska, 2018) Analysis Predictive Time; Cost Machine/ Tool No Integration Batch Fuzzy Logic 6
(Kedadouche, -
Defect - . . . Historical/ Custom
257 ;’ggg;as, & Tahan, Analysis Descriptive Time; Cost Machine/ Tool No Integration Batch Development 5
(C. Li, M. Cerrada, Defect . } . . . Historical/ Clustering; Fuzzy
258 etal, 2018) Analysis Diagnostic Time; Cost Machine/ Tool No Integration Batch Logic 5
(Di, Song, Liu, & Defect . . . . . Historical/ I
259 Wang, 2017) Analysis Diagnostic Time; Cost Machine/ Tool No Integration Batch Classification 5
(Shouli Zhang, Liu, Condition Historical/
260 Su, Han, & Li, ysi Predictive Time; Cost Machine/ Tool No Integration h Classification 6
2018) Analysis Batcl
(Glawar et al., Maintenanc - — Machine/ ) Historical/ Custom
261 2016) e Planning Predictive Time; Cost Tool; Process; Vertical Batch Development 6



No. Reference Function Maturity Objective Data Source Integration Frequency Method Cluster
Product;
Reference

(Jinjiang Wang, - o

262 Gao, Yuan, Fan, & Conqun Predictive Time; Cost Machine/ Tool No Integration Real-time Probabilistic 4
Zhang, 2016) Analysis Methods
(Chouhal, Mouss, L -

263 Benaggoune, & Deflec‘t Diagnostic Time; Cost Machine/ Tool No Integration Hlsmnﬁa" Multi-Agent 5
Mahdaoui, 2016) Analysis Batc System
(Harris,

264 Tr!antafyllopoulos, Conqun Descriptive Time; Cost Machine/ Tool No Integration Real-time Custom 4
Stillman, & Analysis Development
McLeay, 2016)

265 (Z):::ﬁgcgilu 2017) CA(::;?;'S?: Predictive Time; Cost Machine/ Tool No Integration ngtaotrcur:]all Regression 6
(C. Wu, Chen, Defect Historical/

266 Jiang, Ning, & Analysis Diagnostic Time; Cost Machine/ Tool No Integration Batch Classification 5
Jiang, 2017) Y

267 (Yoo & Baek, 2018) (:A(I)qna?;/t;?; Predictive Time; Cost Machine/ Tool No Integration H'g;ot:;f]a" Deep Learning 6
(Huynh, Grall, & Condition - N . . Historical/ Custom

268 Bérenguer, 2018) Analysis Predictive Time; Cost Machine/ Tool No Integration Batch Development 6
(Bousdekis,

269 Magoutas, Conqun Predictive Time; Cost Machine/ Tool No Integration Real-time Custom 4
Apostolou, & Analysis Development
Mentzas, 2015)
(Bousdekis,
Papageorgiou, .

270 Magoutas, Maplrlﬂen_anc Prescriptive Time; Cost Machine/ Tool No Integration Real-time D Culstom 2
Apostolou, & e Planning evelopment
Mentzas, 2017)
(Fleischmann, Condition Custom

271 Kohl, & Franke, Analysis Descriptive Time; Cost Machine/ Tool No Integration Real-time Development 4
2016) Y p

272 é{cgﬂg Vggfg) Gan, Aa(;flsgits Diagnostic Time; Cost Machine/ Tool No Integration ngt;)tréiall Classification 5
(Qiao, Wang, Condition Deep Learning;

273 Wang, Qiao, & Analysis Descriptive Time; Cost Machine/ Tool No Integration Real-time Mathematical 4
Zhang, 2018) 4 Optimization
(Si, Wang, Hu, - -

274 Chen, & Zhou, CA(::;?;;?: Predictive Time; Cost Machine/ Tool No Integration ngt;tr(':ﬁav DeSGlzjli)tp?r;nent 6
2013)
(Benjamin Y Choo,
Adams, Weiss, Condition s — Machine/ . Historical/ Mathematical

275 Marvel, & Beling, Analysis Prescriptive Time; Cost Tool; Process Vertical Batch Optimization 2
2016)

. T Probabilistic

(P. Zhao et al., Condition - N . . Historical/ .

276 : Predictive Time; Cost Machine/ Tool No Integration Methods; 6
2017) Analysis Batch Clustering
(Langone, Alzate, Defect Historical/

277 Bey-Temsamani, & . Predictive Time; Cost Machine/ Tool No Integration Classification 6
Suykens, 2014) Analysis Batch
(I. Aydin, Karakose, Condition - L . . Historical/ Classification;

278 & Akin, 2014) Analysis Descriptive Time; Cost Machine/ Tool No Integration Batch Fuzzy Logic 5
(J. Tian, Azarian, -

279 Pecht, Niu, & Li, A[r)gegils Diagnostic Time; Cost Machine/ Tool No Integration ngglgﬁall Classification 5
2017) 4
(Akhilesh Kumar, - -

280 Chinnam, & Tseng, CA%Z‘?;;?S Predictive Time; Cost Machine/ Tool No Integration ngglgur:]all Regression 6
2018)
(YS wang, Ma, Defect Historical/

281  Zhu, Liu, & Zhao, Analysis Diagnostic Time; Cost Machine/ Tool No Integration Batch Classification 5
2014)

282 (LI?Javagllg)un, Lee, & i?glj;:; Descriptive Time; Cost Machine/ Tool No Integration Real-time Fuzzy Logic 4
(C.-J. Kuo, Ting, Condition Historicall Classification;

283 Chen, Yang, & Analysis Predictive Time; Cost Machine/ Tool No Integration Batch Dimension 6
Chen, 2017) 4 Reduction
(Xingging Wang, Li, L

284 Rui, Zhu, & Fei, Aaglegits Diagnostic Time; Cost Machine/ Tool No Integration ngtgtr:r:]all Deep Learning 5
2015) 4

285 .(]?arguz&r;?n & A[r)gigits Diagnostic Time; Cost Machine/ Tool No Integration ngglgﬁall Classification 5
(Soualhi, Medjaher, Condition - N . . " Classification;

286 & Zerhouni, 2015) Analysis Descriptive Time; Cost Machine/ Tool No Integration Real-time Regression 4
(D. Z. Wu,
Jennings, Condition - N . . Historical/ Classification;

287 Terpenny, Kumara, Analysis Predictive Time; Cost Machine/ Tool No Integration Batch Regression 6
& Gao, 2018)

288 Sgaz%i\ly&zom) Aajs(s:its Diagnostic Time; Cost Machine/ Tool No Integration ngtaotrérr:]all Classification 5

289 mZT;a'zvgfé;er’ & CA%;?;S; Descriptive Time; Cost Machine/ Tool Vertical ngtaotrérr:]all Classification 5

290 (Z(éigs)tensen etal, CA%;?;S; Descriptive Time; Cost Machine/ Tool No Integration Real-time Desgzg)rr:ent 4

291 (ZLHOZ“’ g\ﬁ)'h':;g%) (:A%r;ﬁi;é?g Descriptive Time; Cost Machine/ Tool No Integration Real-time Desgzg)rr:ent 4

292 (L)é':‘ ;(')‘é?ou’ & r\éa':',?;iﬂﬁg’ Prescriptive Time; Cost Machine/ Tool Horizontal ngtaotrérr:]all %ﬁ?{igzggzl 2
(Engeler, Treyer, -

293 Zogg, Wegener, & i%;?;é?g Predictive Time; Cost Machine/ Tool No Integration Real-time Desgzg)rr:ent 4

Kunz, 2016)



No. Reference Function Maturity Objective Data Source Integration Frequency Method Cluster
(Janssens et al., Defect - . . . Historical/ -
294 2016) Analysis Descriptive Time; Cost Machine/ Tool No Integration Batch Classification 5
(Chao Wang,
295 gg&gﬁg’;‘ﬁ Isg(()n, CA%';?; IS(I)Sn Diagnostic Time; Cost Machine/ Tool No Integration ngtaotrcur:]all D eS:If)tp())rw ent 5
Rakowski, 2015)
(Mosallam, Condition
296 Medjaher, & Analysis Predictive Time; Cost Machine/ Tool No Integration Real-time Classification 4
Zerhouni, 2016) Y
(T. Wang, Qiao, - . .
297 Zhang, Yang, & Deflec‘t Predictive Time; Cost Machine/ Tool No Integration Hlsmnﬁa" Dlmdensllon 6
Snoussi, 2018) Analysis Batc Reduction
(Jinjiang Wang,
298 \|_|Nuaanngé V;a)r(]gé (},:\(I’qnaclj;g?sn Predictive Time; Cost Machine/ Tool No Integration ngt;)tréﬁal/ Deep Learning 6
2018)
(Jianjing Zhang,
Peng Wang, - L
299 Rugiang Yan, & Con(fltlpn Predictive Time; Cost Machine/ Tool No Integration Hlsmnﬁa" Deep Learning 6
Robert X Gao, Analysis Batc
2018)
300 (LiQa'nLgl gé(?li;g CA%natlj)l/ns?sn Predictive Time; Cost Machine/ Tool No Integration ngg:':ﬁal/ DeSelzjlzt;))rwent 6
301 (Khelif et al., 2017) (:A?]r;?;;?sn Predictive Time; Cost Machine/ Tool No Integration ngt;tr(':ﬁal/ Regression 6
(Fleischmann,
302 iﬁ;ﬁ;ﬁ" g (Il':;nke CA?;?;}:: Descriptive Time; Cost Machine/ Tool No Integration Real-time Classification 4
2016)
. . Classification;
303 (J. A. Carino et al., Conqun Descriptive Time; Cost Machine/ Tool No Integration Real-time Dimension 4
2016) Analysis R .
eduction
304 (J. Luo et al., 2018) Ai:flsgits Descriptive Time; Cost Machine/ Tool No Integration ngtaotrcur:]all Classification 5
(B. Zhou & Cheng, Condition . . N . . Historical/ e
305 2016) Analysis Diagnostic Time; Cost Machine/ Tool No Integration Batch Classification 5
(Unal, Sahin, Onat, Defect Historical/
306 Demetgul, & Analysis Diagnostic Time; Cost Machine/ Tool No Integration Batch Classification 5
Kucuk, 2017) Y
(H.Pengetal., Defect . . N . . Historical/ .
307 2013) Analysis Diagnostic Time; Cost Machine/ Tool No Integration Batch Fuzzy Logic 5
(Benkedjouh,
Medjaher, Condition - N . . Historical/ .
308 Zerhouni, & Analysis Predictive Time; Cost Machine/ Tool No Integration Batch Regression 6
Rechak, 2015)
(Benkedjouh et al., Condition . . N . . i Custom
309 2015) Analysis Diagnostic Time; Cost Machine/ Tool No Integration Real-time Development 5
(Baraldi, Cannarile, . . Classification;
310 Di Maio, & Zio, A[r)gegils Diagnostic Time; Cost Machine/ Tool No Integration ngglgﬁall Mathematical 5
2016) 4 Optimization
Condition - N . . . Custom
311 (Truong, 2018) Analysis Predictive Time; Cost Machine/ Tool No Integration Real-time Development 4
(C. Lu, Wang, & Defect . . . . . Historical/ I
312 Zhou, 2017) Analysis Diagnostic Time; Cost Machine/ Tool No Integration Batch Classification 5
313 g?hz;ng&LguZnhz;rz)giS) A[r)gigils Diagnostic Time; Cost Machine/ Tool No Integration ngglgﬁall Deep Learning 5
(R. Kannan, Condition
314 Manohar, & Analysis Descriptive Time; Cost Machine/ Tool No Integration Real-time Classification 4
Kumaran, 2019) Y
315 éK;:ggllgruglglr?;?nn, CA%Z‘?;;?S Descriptive Time; Cost Machine/ Tool No Integration Real-time Classification 4
(R. Zhao, Yan, Condition
316  Wang, & Mao, Analysis Descriptive Time; Cost Machine/ Tool No Integration Real-time Deep Learning 4
2017)
(Kanawaday & Condition s L . . " Classification;
317 Sane, 2017) Analysis Predictive Time; Cost Machine/ Tool No Integration Real-time Regression 4
(Diaz-Rozo, Bielza, Condition . . — . . Historical/ .
318 & Larraiiaga, 2017) Analysis Diagnostic Time; Cost Machine/ Tool No Integration Batch Clustering 5
(Likun Ren, Lv, & Condition L — . . Historical/ Custom
319 Jiang, 2018) Analysis Predictive Time; Cost Machine/ Tool No Integration Batch Development 6
(Olivott, Passlick, Maintenanc Mathematical
320 Dreyer, Lebek, & Planni Prescriptive Time; Cost Machine/ Tool No Integration Real-time PP 2
Breitner, 2018) e Planning Optimization
321 (Balsamo et al., Defec_t Descriptive Time; Cost Machine/ Tool No Integration Real-time Classification 4
2016) Analysis
(K. Kannan,
Arunachalam, Condition - N . . Historical/ .
322 Chawla, & Analysis Predictive Time; Cost Machine/ Tool No Integration Batch Regression 6
Natarajan, 2018)
323 (L%;)ng;&i;hz%olr;g);’ Aazfls(s:its Predictive Time; Cost Machine/ Tool No Integration Real-time Classification 4
(Terrazas,
324 I\BA:I:t;?de;;A‘r;IIano, CA%Z‘?;SS Descriptive Time; Cost Machine/ Tool No Integration Real-time Classification 4
Ratchev, 2018)
(Z. Cheng & Cai, Condition - . . . Historical/ .
325 2018) Analysis Predictive Time; Cost Machine/ Tool No Integration Batch Regression 6
(L. Ren, Sun, . . .
326 Wang, & Zhang, Conqun Predictive Time; Cost Machine/ Tool No Integration Historical/ Deep Learning 6
Analysis Batch

2018)



No. Reference Function Maturity Objective Data Source Integration Frequency Method Cluster
(Bekar, Skoogh, L
327 Cetin, & Siray, Conqun Descriptive Time; Cost Machine/ Tool No Integration Real-time Custom 4
2018) Analysis Development
(Xiaojun Zhou, . - )
328 Huang, Xi, & Lee, Malnten_anc Prescriptive Time; Cost Machine/ Tool No Integration Historicalf Mathemat!cal 2
2015) e Planning Batch Optimization
. . Maintenanc - N . . Historical/ Mathematical
329 (Y. Li & Liu, 2018) e Planning Prescriptive Time; Cost Machine/ Tool No Integration Batch Optimization 2
. . Maintenanc - N . . . Mathematical
330 (Niu & Jiang, 2017) e Planning Prescriptive Time; Cost Machine/ Tool No Integration Real-time Optimization 2
. Maintenanc - N . . . Swarm
331 (Shi & Zeng, 2016) e Planning Prescriptive Time; Cost Machine/ Tool No Integration Real-time Intelligence 2
(Zhixiang & Jie, Condition - N . . Historical/ .
332 2015) Analysis Descriptive Time; Cost Machine/ Tool No Integration Batch Regression 5
(T. Yan, Lei, & Li, Condition . N . . i Mathematical
333 2018) Analysis Predictive Time; Cost Machine/ Tool No Integration Real-time Optimization 4
gz’:gflfsl:}\néu Y= Condition Historical/ Deep Learning;
334 jorlyl 9. Y, X Predictive Time; Cost Machine/ Tool No Integration Evolutional 6
Ushakov, & Zhang, Analysis Batch )
Algorithm
2018)
(L. Hao, Bian, Condition
335 Gebraeel, & Shi, Analysi Predictive Time; Cost Machine/ Tool No Integration Real-time Regression 4
2017) nalysis
(B. Zhang, Katinas, Condition . N . . " .
336 & shin, 2018) Analysis Descriptive Time; Cost Machine/ Tool No Integration Real-time Fuzzy Logic 4
- . Regression;
337 (He Yu, Li, Tian, & Defec_t Predictive Time; Cost Machine/ Tool No Integration Historicalf Swarm 6
Wang, 2018) Analysis Batch "
Intelligence
(Xingqiu Li, Jiang, - L
338 Xiong, & Shao, Condltlc_)n Predictive Time; Cost Machine/ Tool No Integration Historical/ Regression 6
2019) Analysis Batch
(X. Zhang et al., Defect . . . . . Historical/ Classification;
339 2017) Analysis Diagnostic Time; Cost Machine/ Tool No Integration Batch Clustering 5
(Schutze & Helwig, Condition - N . . " e
340 2017) Analysis Descriptive Time; Cost Machine/ Tool No Integration Real-time Classification 4
. " Machine/ P
(J. Lee, Kao, & Maintenanc - Time; Cost; . . - i Classification;
341 Yang, 2014) e Planning Prescriptive Sustainability TooI,EPRrgduct, Horizontal Real-time Clustering 2
(Neef, Bartels, & Condition . N . . i -
342 Thiede, 2018) Analysis Descriptive Time; Cost Machine/ Tool No Integration Real-time Classification 4
(A. Zhang et al., Condition - N . . Historical/ .
343 2018) Analysis Predictive Time; Cost Machine/ Tool No Integration Batch Deep Learning 6
(P. Wang, Yan, & Defect . N . . Historical/ )
344 Gao, 2017) Analysis Descriptive Time; Cost Machine/ Tool No Integration Batch Deep Learning 5
(Zhe Zhang, Qin, Defect . . N . . Historical/ e
345 Jia, & Chen, 2018) Analysis Diagnostic Time; Cost Machine/ Tool No Integration Batch Classification 5
(Lenz & - .
346 Westkaemper, CAon(ljlthn Predictive Time; Cost _Pﬂaihéns'/: No Integration Real-time Regression 4
2017) nalysis ool;
- Classification;
347 (Hang, 2016) Energy Prescriptive Sustainability Machine/ Tool No Integration Historical/ Reinforcement 6
Cons. Opt. Batch ¥
Learning
Energy .
(Zuo, Tao, & Nee, - R Machine/ o " Custom
348 2018) Cons. Descriptive Sustainability Tool: Process End-to-End Real-time Development 3
Analysis
(Yuxin Wang, Security/ N
349 Hulstijn, & Tan, Risk Descriptive Time; Cost Process; ERP No Integration Historical/ Custom 3
. Batch Development
2018) Analysis
. Energy N Regression;
350 (nglg) Bhinge, Cons. Predictive Sustainability Machine/ Tool No Integration ngtaotr:r:]all Evolutional 6
Analysis Algorithm
Machine/ -
(G. Shao, Brodsky, Energy L —— N . N Historical/ Custom
351 Shin, & Kim, 2017) Cons. Opt. Prescriptive Sustainability TooFI,,rgécl)Elass, No Integration Batch Development 6
(S.-J. Shin, Kim, . . -
Energy - Cost; Machine/ . Historical/ Custom
352 Shao, Brodsky, & Prescriptive o ° No Integration 6
Lechevalier, 2017) Cons. Opt. Sustainability Tool; Process Batch Development
. Security/
353 (ZFolllosn)enko & Jo, Risk Descriptive Security Environment No Integration Real-time Classification 3
Analysis
(Ouyang, Sun, Energy . L L
354 Chen, Yue, & Cons. Descriptive Susg?:atlbili Machine/ Tool H\g?irxr?tlél ngt;tréﬁal/ Classification 6
Zhang, 2018) Analysis v
e ] Security/
355 (Khalili & Sami, Risk Descriptive Security Process No Integration Real-time Custom 3
2015) - Development
Analysis
(Niesen, Houy, Security/ . .
N . } Time; Cost; . . Custom
356 Fettke, & Loos, Risk Diagnostic ’ § Process; ERP Vertical Real-time 3
2016) Analysis Conformance Development
Machine/
(Y. Zhang, S. Ren, Product . N .
357 Y. Liu, & S. Si, Lifecycle Prescriptive CQSt' . Tool; PrOdu,Ct‘ End-to-End Real-time Custom 3
Sustainability Customer; Development
2017) Opt.
Human
(C.-Y. Tsai, Chen, Design - . Historical/ Custom
358 & Lo, 2014) Analysis Predictive Cost Product No Integration Batch Development 6
(Ireland & Liu, Design . . Customer Product; o Historical/ I
359 2018) Analysis Diagnostic Satisfaction Customer End-to-End Batch Classification 6
(Lou, Feng, Zheng, Design . . Customer Product; o Historical/ Classification;
360 Gao, & Tan, 2018) Analysis Diagnostic Satisfaction Customer End-to-End Batch Fuzzy Logic 6
. Design . . Customer . Historical/ Custom
361 (X. Lai et al., 2018) Analysis Diagnostic Satisfaction Customer No Integration Batch Development 6



No. Reference Function Maturity Objective Data Source Integration Frequency Method Cluster
(Alexopoulos,
Makris, Xanthakis, Machine/ Custom
362 Sipsas, & Monitoring Descriptive Time; Cost | Vertical Real-time 3
. Tool; ERP Development
Chryssolouris,
2016)
(K. B. Lee, Cheon, - - N Machine/ . Historical/ .
363 & Kim, 2017) Monitoring Descriptive Time; Cost Tool: Process No Integration Batch Deep Learning 5
(H. Cai, Guo, & Lu, L . Time; Cost; Process; . i Custom
364 2017) Monitoring Predictive Conformance Product No Integration Real-time Development 1
(Changgqing Liu, Li, Production - . Process; . Historical/ .
365 &Li, 2018) Planning Descriptive Time Product No Integration Batch Clustering 3
(H. Wang et al., Production - N . Historical/ Mathematical
366 2017) Planning Prescriptive Time; Cost ERP No Integration Batch Optimization 2
(Hranisavljevic, Historicall
367 Niggemann, & Monitoring Descriptive Time; Cost Machine/ Tool No Integration Batch Deep Learning 5
Maier, 2016)
(Ci Chen, Xia, Production - Time; Cost; Process; " " Reinforcement
368 Zhou, & Xi, 2015) Planning Prescriptive Flexibility Product; ERP No Integration Real-ime Learning 2
(Nouiri, Bekrar, Production Time: Cost: Machine/ Swarm
369 Jemai, Niar, & Plannin Prescriptive Flex’ibilit ' Tool; Process; No Integration Real-time Intelligence; Multi- 2
Ammari, 2018) 9 4 Product Agent System
(Stojanovic, Dinic, Time: Cost:
370 Stojanovic, & Monitoring Descriptive ! y Machine/ Tool No Integration Real-time Clustering 4
S Conformance
Stojadinovic, 2016)
371 é%?;r?o%vski 2018) Monitoring Descriptive Time; Cost Process No Integration Real-time Classification 3
) - - L Machine/ ) . T
372 (Caggiano, 2018) Monitoring Descriptive Time; Cost Tool: Process Vertical Real-time Classification 3
373 &;‘lggﬁ 382618) Peg(gr:tanc Diagnostic Time; Cost T ol\gﬁ C;}'ggllj ot Vertical ngtaotrcur:]all Regression 6
(Jeff Morgan & - . Time; Cost; Machine/ . i Classification;
374 O'Donnell, 2018) Monitoring Descriptive Flexibility Tool; Process Vertical Real-time Fuzzy Logic 3
(P. Wang, Liu, Time: Cost: Machine/
375 Wang, & Gao, Monitoring Predictive e Tool; Product; No Integration Real-time Deep Learning 6
Flexibility
2018) Human
(Chuang Wang & Performanc A Time; Cost; . i X
376 Jiang, 2017) e Analysis Predictive Flexibility Process No Integration Real-time Deep Learning 6
(Eiskop, Snatkin, Machine/ Custom
377 Kérgesaar, & Monitoring Descriptive Time; Cost Tool; Process; Vertical Real-time Development 3
Saren, 2014) ERP p
(Chao-Chun et al., Performanc . . N . . Historical/ Mathematical
378 2016) e Opt. Diagnostic Time; Cost Machine/ Tool Vertical Batch Optimization 6
(J. P. Liu, Beyca,
379 ESEK ;i]o;g;‘ﬁ_. Monitoring Descriptive Time; Cost Process No Integration Real-time Clustering 3
2017)
(Denno, Dickerson, Production - . . Historical/ Evolutional
380 & Harding, 2018) Planning Descriptive Time; Cost ERP No Integration Batch Algorithm 2
(Hegenbarth, )
! Lo . N Machine/ . . Custom
381 ggfss)ch & Ristow, Monitoring Descriptive Time; Cost Tool: Process Vertical Real-time Development 3
(Stefan Windmann N -
382 & Niggemann, Monitoring Descriptive Time; Cost Process No Integration H'Stonﬁav Pmbar?"&s“c 3
2015) Batcl Methods
(Ozturk, Bahadir, & Production L L . Historical/ Evolutional
383 Teymourifar, 2018) Planning Prescriptive Time; Cost ERP No Integration Batch Algorithm 2
(Ragab, El-koujok, Historicall
384 Amazouz, & Monitoring Descriptive Time; Cost Process No Integration Batch Classification 3
Yacout, 2017)
(Andonovski, Historical/
385 Musi¢, & Skrjanc, Monitoring Descriptive Time; Cost Process No Integration Batch Fuzzy Logic 3
2018) ate
(Ragab, El-Koujok, Historical/
386 Poulin, Amazouz, & Monitoring Descriptive Time; Cost Process No Integration Batch Classification 3
Yacout, 2018)
. S Mathematical
(Arik & Toksart, Production o . . . Historical/ T
387 2019) Planning Prescriptive Time; Cost Process; ERP No Integration Batch ?:ptlmlzatlo_n, 2
uzzy Logic
(Peres, Dionisio Custom
388 Rocha, Leitao, & Monitoring Predictive Time; Cost Machine/ Tool Vertical Real-time 3
Barata, 2018) Development
(Chia-Yu Hsu, Performanc - N Machine/ . Historical/ .
389 2014) e Opt. Predictive Time; Cost Tool: Process No Integration Batch Regression 6
(Westbrink, Dimension
390 Chadha, & Monitoring Descriptive Time; Cost Process No Integration Real-time Reduction 3
Schwung, 2018)
. . Machine/ -
(Tayal & Singh, Production - . N X . Historical/ Swarm
391 . Prescriptive Time; Cost Tool; Process; No Integration . 2
2018) Planning Product; ERP Batch Intelligence
(Kibira, Hatim, N . Machine/ N .
Performanc . Time; Cost; . Historical/ Mathematical
392 Kumara, & Shao, Prescriptive [ Tool; Process; No Integration P 2
2015) e Opt. Sustainability Product Batch Optimization
(S.Wang et al., - . _— Machine/ o i Custom
393 2018) Monitoring Descriptive Time; Cost Tool: Product End-to-End Real-time Development 3
L Performanc - Time; Cost; . . Historical/ .
394 (Lingitz et al., 2018) e Analysis Predictive Flexibility Machine/ Tool No Integration Batch Regression 6
(Shuhui, Jie, & Production - Time; Cost; Process; . i Reinforcement
395 ghivani, 2016) Planning  Frescriptive Flexibility Product; ERP Vertical Real-time Learning 2
(S. Jain, Shao, & Performanc h : L ’ Historical/ Custom
396 Shin, 2017) e Analysis Diagnostic Time; Cost Vertical Batch Development 6
397 (Marco S. Reis & Monitoring Predictive Time; Cost Process No Integration Real-time Regression 6

Rato, 2018)



No. Reference Function Maturity Objective Data Source Integration Frequency Method Cluster
(Ringsquandl et al., o - N . . Historical/ Custom
398 2017) Monitoring Descriptive Time; Cost Machine/ Tool No Integration Batch Development 5
(Rao, Liu, o . f
399 Roberson, Kong, & Monitoring Descriptive Cznmfi’rrggsge To’\clylla'ul;hrlczféss No Integration Real-time Classification 3
Williams, 2015) ’
(Klober-Koch, ) . .
400 Braunreuther, & P';?:#r‘]:itrl]on Predictive T'g‘:éu%(t)st No Integration Real-time DeS:If)torwent 6
Reinhart, 2017) 9 4 P
(C. Y. Park, N . i L L
401 Laskey, Salim, & Monitoring Predictive Time; Cost; Process; No Integration Historical/ Probabilistic 1
Conformance Product Batch Methods
Lee, 2017)
. . Machine/
402 (StQJanO\_/u: & Performanc Prescriptive Time; Cost Tool; Process; Vertical Real-time Custom 2
Stojanovic, 2017) e Opt. Human Development
(Hammer, Somers, Performanc Mathematical
403 Karre, & e Opt Prescriptive Time Process No Integration Real-time Optimization 2
Ramsauer, 2017) pL. P
(Subramaniyan,
Skoogh, Performanc . Time; Cost; . . . Custom
404 Gopalakrishnan, & e Analysis Descriptive Flexibility Machine/ Tool No Integration Real-time Development 3
Hanna, 2016)
(Z.M.Bietal, o . . . . " Custom
405 2018) Monitoring Descriptive Time; Cost Machine/ Tool No Integration Real-time Development 3
(Ray Y zZhong, Li, Production i Time; Cost; . . " Custom
406 etal,, 2013) Planning Prescriptive Flexibility Process; ERP Vertical Real-time Development 2
(J. Kim & . - - . . " .
407 Hwangbo, 2018) Monitoring Predictive Time; Cost Machine/ Tool No Integration Real-time Clustering 4
(Berger, Berlak, & Production A Time; Cost; Machine/ . " Custom
408 Reinhart, 2016) Planning Prescriptive Flexibility Tool; Process Vertical Real-time Development 2
(Mehta,
409 Butkewitsch- Monitoring Predictive Time; Cost Process No Integration Real-time Classification 3
Choze, & Seaman,
2018)
(D.Kimetal., - . N . . . e
410 2018) Monitoring Descriptive Time; Cost Machine/ Tool No Integration Real-time Classification 3
(Q. P. He & Wang, T - . . i Custom
411 2017) Monitoring Descriptive Time; Cost Process No Integration Real-time Development 3
(Y. Wu, Wang, Performanc - N . . " e
412 Chen, & Yu, 2017) e Opt. Predictive Time; Cost Machine/ Tool No Integration Real-time Classification 4
(R. Kumar, Singh, Production - . . Historical/ Dimension
413 & Lamba, 2018) Planning Prescriptive Time; Cost No Integration Batch Reduction 2
(P. Xu, Mei, Ren, & Performanc . . N Process; . " Custom
414 Chen, 2017) e Analysis Diagnostic Time; Cost Product Vertical Real-time Development 3
. . . s Classification;
(Diao, Zhao, & Yao, Quality A Time; Cost; . Historical/ ) . !
415 2015) Control Predictive Conformance Process No Integration Batch Dlmens_lon 1
Reduction
. . Machine/
(Psarommatis & . - Time; Cost; . X . i Custom
416 Kiritsis, 2018) Quality Opt. Prescriptive Conformance TooI,EPF;gcess, Vertical Real-time Development 2
(S. Du, Liu, & Xi, Quality - Time; Cost; . Historical/ -
417 2015) Control Descriptive Conformance Product No Integration Batch Classification 1
(K. Wang, Jiang, & Quality - Time; Cost; . " Regression;
418 Li, 2016) Control Descriptive Conformance Product No Integration Real-time Clustering 1
. . Time;
419 (M. Syafrudin et al., Quality Predictive Conformance; Machine/ Tool No Integration Real-time Classification 4
2017) Control P
Sustainability
(Hirsch, Reimann, . N ) X L
. ) Quality . : Time; Cost; Process; . Historical/ Custom
420 gng)& Mitschang, Control Diagnostic Conformance Product No Integration Batch Development 1
. . . S Classification;
(Librantz et al., Quality - Time; Cost; . Historical/ . .
421 2017) Control Descriptive Conformance Product No Integration Batch Dlmens_lon 1
Reduction
(T.-H. Sun, Tien, Quality - Time; Cost; . Historical/ -
422 Tien, & Kuo, 2016) Control Descriptive Conformance Product No Integration Batch Classification 1
(Nikolai Stein Classification;
i Quality - Time; Cost; Process; . Historical/ Regression;
423 Meller, & Flath, Control Prescriptive Conformance Product No Integration Batch Mathematical 2
2018) L
Optimization
(Y. Feng & Huang, Quality - Time; Cost; . Historical/ Custom
424 2018) Control Predictive Conformance Reference No Integration Batch Development 1
(L. Li, Ota, & Dong, Quality - Time; Cost; . Historical/ )
425 2018) Control Descriptive Conformance Product No Integration Batch Deep Learning 1
(Shatnawi & Al- . N . L
426 Khassaweneh, Qualltyl Descriptive T|rr;e, Cost; Product No Integration Hlstorlﬁall Classification 1
2014) Control Conformance Batc
(Rendall et al., Quality - Time; Cost; . Historical/ .
427 2018) Control Predictive Conformance Product No Integration Batch Deep Learning 1
(J. Lee, Noh, Kim, Quality - Time; Cost; . " Custom
428 & Kang, 2018) Control Predictive Conformance Process Vertical Real-time Development 1
(Onyeiwu et al., Quality - Time; Cost; Process; . " Custom
429 2017) Control Descriptive Conformance Product No Integration Real-time Development 1
(Aqlan, ’ N § -
430 Ramakrishnan, & (Q:g:t“rtgl Descriptive Cznmfg}nfgrsmge Product Horizontal ngtaotrérr:]all Classification 1
Shamsan, 2017)
. X Machine/ -
(Agarwal & Quality . . Time; Cost; . . : Historical/ .
431 Shivpuri, 2014) Control Diagnostic Conformance TooFI;rgézi?ss, No Integration Batch Regression 1
(J.-K. Park, Kwon, Quali o . istori
uality - Time; Cost; : Historical/ .
432 Park, & Kang, Control Descriptive Conformance Product No Integration Batch Deep Learning 1

2016)



No. Reference Function Maturity Objective Data Source Integration Frequency Method Cluster
(Xundao Zhou, K . . K L
433 Zhang, Mao, & Quality Predictive Time; Cost; Process; No Integration Historical/ Custom 1
Control Conformance Product Batch Development
Zhou, 2017)
(Neto, Gerdnimo, . . . . L
434 Cruz, Aguiar, & Quality Predictive Time; Cost; M?fwhme/ No Integration Historicalf Classification 1
. ) Control Conformance Tool; Product Batch
Bianchi, 2013)
435 g\gazgzag'ogb) (Q:gr?tl:,tgl Diagnostic C-gnmfg;rrg;rfge Product No Integration ngtaotrcur:]all Clustering 1
(Voisin, Laloix, ) N § Machine/ -
436 lung, & Romagne, Quality Predictive Time; Cost; Tool; Process; No Integration Historical/ Custom 1
Control Conformance Batch Development
2018) Product
(Shaban, Yacout, . N . R L
437 Meshreki, Attia, & Quality Descriptive Time; Cost; Process; No Integration Historical/ Classification 1
i Control Conformance Product Batch
Balazinski, 2017)
. . N . Machine/ . .
438 (Kao, Hsieh, Chen, Quality Predictive Time; Cost; Tool; Process; No Integration Historical/ Classification 1
& Lee, 2017) Control Conformance Product Batch
(J.-B. Yu, Yu, Quali Time: Cost: Machine/ Regression;
439 Wang, Yuan, & Ji, Contrtgl Predictive Confo’rmanc‘e Tool; Process; No Integration Real-time Evolutional 1
2016) Product Algorithm
(Garcia, Sanchez,
Rodriguez-Picén, " e . . istori
440 Méndez-Gonzélez, Quality Predictive Time; Cost; Process; No Integration Historical/ Regression 1
- Control Conformance Product Batch
& de Jesus Ochoa-
Dominguez, 2018)
(Ghadimi, Toosi, & ; - Time; Cost; . Historical/ Multi-Agent R
441 Heavey, 2018) Prescriptive Conformance ERP Horizontal Batch System
Time; Cost; Historical/ Classification;
442 (Laux et al., 2018) - Diagnostic e No Integration Dimension -
Flexibility Batch .
Reduction
(Badurdeen et al., a . . Time; Cost; . Historical/ Probabilistic R
443 5014) Diagnostic Security Horizontal Batch Methods
(R.Y. Zhong, Lan, Machine/ Vertical: Custom
444 Xu, Dai, & Huang, - Descriptive Time; Cost Tool; Process; Horizontél Real-time Development -
2016) Reference P
445 (Susto et al., 2014) Conqun Predictive Time; Cost Machine/ Tool Vertical Historical/ Regression 6
Analysis Batch
(Krumeich, Werth,
Loos, Production - N . Historical/ Custom
446 Schimmelpfennig, Planning Predictive Time; Cost Product Horizontal Batch Development 6
& Jacobi, 2014)
447 gi';:l()z-gi%' & Monitoring Descriptive Time; Cost Machine/ Tool No Integration ngt;)tréiall De\(/::lf)t;;)r?ent 5
(Tamura, lizuka, . L
448 Yamamoto, & P';?;:;t';on Prescriptive Time; Cost Process Horizontal H|§;0trclf1all De\s:lf)mr;nent 2
Furukawa, 2015) 9 p
(L. Zheng et al., Performanc - N Process; . Historical/ Classification;
449 2014) e Opt. Prescriptive Time; Cost Product Vertical Batch Regression 2
; Machine/ -
450 (Zl\é.li;eln & Flath, Monitoring Predictive Time; Cost Tool; Product; Horizontal ngglgur:]all Classification 5
Reference
(Q. Wu, Ding, & Condition - Time; Cost; . . Historical/ Custom
451 Huang, 2018) Analysis Predictive Conformance Machine/ Tool Vertical Batch Development 6
(AlThobiani & Ball, Defect . . . . . Historical/ .
452 2014) Analysis Diagnostic Time; Cost Machine/ Tool No Integration Batch Deep Learning 5
(Weil3 & Vogel- Quality - N . . Historical/ .
453 Heuser, 2018) Control Predictive Time; Cost Machine/ Tool No Integration Batch Regression 6
. . . Time; Cost; N
(Saldivar, Goh, Li, Design - : ! : Historical/ .
454 Yu, & Chen, 2016) Analysis Predictive Customer Product Vertical Batch Clustering 6
Satisfaction
(Schlegel, Briele, & Quality - Time; Cost; . Historical/ Custom
455 Schmitt, 2018) Control Predictive Conformance Reference Vertical Batch Development 1
(Khakifirooz, Chien, Performanc ) - — . . Historical/ Probabilistic
456 & Chen, 2018) e Opt. Diagnostic Time; Cost Machine/ Tool Vertical Batch Methods 6
(Hussain, Mansoor, Condition s L . . Historical/ A
457 & Nisar, 2018) Analysis Predictive Time; Cost Machine/ Tool No Integration Batch Classification 6
(Orman et al., Defect - Time; Cost; ! " " Custom
458 2015) Analysis Descriptive Flexibility Machine/ Tool No Integration Real-time Development 3
(G. Zhao et al., Condition L — . . Historical/ .
459 2017) Analysis Predictive Time; Cost Machine/ Tool No Integration Batch Deep Learning 6
A . T Deep Learning;
460 \(>\IN Ji, Yin, & Produc_tlon Prescriptive Time; Cost Machine/ Tool End-to-End Historical/ Evolutional 6
ang, 2018) Planning Batch N
Algorithm
(Ray Y. Zhong et I ) B N B Historical/ Custom
461 al., 2015) Monitoring Diagnostic Time; Cost Process Vertical Batch Development 6
(Brandenburger et Quality - Time; Cost; . Historical/ Custom
462 al., 2016) Control Descriptive Conformance Process Vertical Batch Development 3
(J. Yan, Meng, Lu Condition Time; Cost; Machine/
463 y ! 9. Lu, . Predictive e Tool; Product; Vertical Real-time Deep Learning 3
& Guo, 2017) Analysis Flexibility
Customer
(Roy, Li, & Zhu, Performanc - Time; Cost; Process; Vertical; i Custom
464 2014) e Opt. Prediciive Flexibility Product Horizontal Real-time Development 3
(S. Qu, Chu, Wang, . . . .
g - Production . Time; Cost; . ) Reinforcement
465 Iégilél)e, & Jian, Planning Prescriptive Flexibility Process Horizontal Real-time Learning 2
(Akerman et al., Condition - N . Vertical; Historical/ T
466 2018) Analysis Predictive Time; Cost Machine/ Tool Horizontal Batch Classification 6
(Batista, Badri, N
- Defect : : L . . Historical/ -
467 Sabourin, & Analysis Diagnostic Time; Cost Machine/ Tool No Integration Batch Classification 5

Thomas, 2013)



No. Reference Function Maturity Objective Data Source Integration Frequency Method Cluster
(D. Wu, Jennings, - L
468 Terpenny, & Conqun Predictive Time; Cost Machine/ Tool No Integration Historical/ Classification 6
Kumara, 2016) Analysis Batch
(Y. F. Zhang, N : -
469 Wang, Du, Qian, & Monitoring Descriptive Tlme,. (?(.)St‘ Vertlcal, Real-time Custom 3
Yang, 2018) Flexibility Horizontal Development
Time; Cost;
470 (Bai et al., 2018) Quality Predictive Conformance; Reference No Integration Historical/ Classification 1
Control Customer Batch
Satisfaction
(Moosavian,
Ahmadi, Defect ) - - . . Historical/ I
471 Tabatabaeefar, & Analysis Diagnostic Time; Cost Machine/ Tool No Integration Batch Classification 5
Khazaee, 2013)
(Spendia, Kebisek, Condition Historical/
472 Tanuska, & Hrcka, vsi Predictive Time; Cost Machine/ Tool Vertical h Classification 6
2017) Analysis Batcl
. Time; Cost;
(Weigelt, Mayr, ’ ’ - .
473 Seefried, Heisler, & Quality Predictive Conformance; Process; Vertical Real-time Custom 1
Franke, 2018) Control Customer Reference Development
' Satisfaction
(Jaramillo, Ottewill, " . .
474 Dudek, Lepiarczyk, Contljmqn Descriptive Time; Cost Machine/ Tool Horizontal H|stom|;al/ Culstom 5
& Pawiik, 2017) Analysis Batc Development
(Ragab, Ouali, . L
Condition - N . . Historical/ Custom
475 \Z(gi:z;ﬂ, & Osman, Analysis Predictive Time; Cost Machine/ Tool No Integration Batch Development 6
(Bousdekis & Condition - N . " Custom
476 Mentzas, 2017) Analysis Predictive Time; Cost Vertical Real-time Development 3
Time; Cost;
477 (Weiss et al., 2016) Quality Predictive  COnformance; . hines Tool Horizontal Real-time Custom 1
Control Customer Development
Satisfaction
(Subramaniyan,
Skoogh,
Salomonsson, Performanc . . Time; Cost; . . . Custom
478 Bangalore, e Analysis Diagnostic Flexibility Machine/ Tool Vertical Real-time Development 3
Gopalakrishnan, et
al., 2018)
(Subramaniyan,
Skoogh, -
479 Salomonsson, Performaﬂc Predictive Time; Cost Machine/ Tool Horizontal Historical/ Custom 6
Bangalore, & e Analysis Batch Development
Bokrantz, 2018)
. - . — . . Historical/ Dimension
480 (Beghi et al., 2016) Monitoring Descriptive Time; Cost Machine/ Tool No Integration Batch Reduction 5
(Fernandes et al., Condition . N . . Historical/ I
481 2018) Analysis Predictive Time; Cost Machine/ Tool No Integration Batch Classification 6
(Purarjomandiangr Defect Historical/
482 udi, Ghapanchi, & Analysis Diagnostic Time; Cost Machine/ Tool No Integration Batch Classification 5
Esmalifalak, 2014) Y
(Denkena, Schmidt, Production . — . ) Historical/ Custom
483 & Kriiger, 2014) Planning Prescriptive Time; Cost Machine/ Tool Vertical Batch Development 2
(Rashid, Amar,
Gondal, & Defect . . . . . Historical/ -
484 Kamruzzaman, Analysis Diagnostic Time; Cost Machine/ Tool No Integration Batch Classification 5
2016)
(Y. Ji, Yu, Xu, Yu, Production s L . Historical/ Custom
485 & Zhang, 2018) Planning Predictive Time; Cost Product Vertical Batch Development 6
(Susto & Beghi, Condition s L . . Historical/ .
486 2016) Analysis Predictive Time; Cost Machine/ Tool No Integration Batch Regression 6
(Uhlmann,
Laghmouchi, Condition - N . . Historical/ T
487 Geisert, & Analysis Descriptive Time; Cost Machine/ Tool Vertical Batch Classification 5
Hohwieler, 2017)
Cost;
(Para, Del Ser, . ! . : . .
! Quality - Conformance; Product; : Historical/ I
488 lzkgrér)re & Nebro, Control Predictive Customer Reference No Integration Batch Classification 1
Satisfaction
(Mbuli, Trentesaux, . -
489 Clarhaut, & Malrlnen_anc Prescriptive Time; Cost Product Vertical Hlstorlﬁall Fuzzy Logic 2
Branger, 2017) e Planning Batc
(C. Zhang, Sun, & Defect . . . . . Historical/ .
490 Tan, 2015) Analysis Diagnostic Time; Cost Machine/ Tool No Integration Batch Deep Learning 5
(Lin Zhao & Wang, Condition - N . . Historical/ .
491 2018) Analysis Predictive Time; Cost Machine/ Tool No Integration Batch Deep Learning 6
(Zhe Li, Wang, & Defect . . . . . Historical/ e
492 Wang, 2019) Analysis Diagnostic Time; Cost Machine/ Tool No Integration Batch Classification 5
(Verstraete,
Ferrada, Droguett, Defect . : L . . Historical/ ’
493 Meruane, & Analysis Diagnostic Time; Cost Machine/ Tool No Integration Batch Deep Learning 5
Modarres, 2017)
494 (Waschneck et al., Produc_uon Prescriptive Time: Cost Process Horizontal Historical/ Remforcgment 2
2018a) Planning Batch Learning
(Q. Li & S. Liang, Condition - N . . Historical/ Custom
495 2018a) Analysis Predictive Time; Cost Machine/ Tool No Integration Batch Development 6
(Moharana & Maintenanc - N N Historical/ Custom
496 Sarmah, 2016) e Planning Predictive Time; Cost Product No Integration Batch Development 6
Time; Cost;
’ Quality - Conformance; Product; . Historical/ Classification;
497 (Samui, 2014) Control Descriptive Customer Reference No Integration Batch Regression 1

Satisfaction



No. Reference Function Maturity Objective Data Source Integration Frequency Method Cluster
498 STO'UHGZ’OEZI)' Lu, & (},:\(I’qnaclj;g?sn Predictive Time; Cost Machine/ Tool Vertical Real-time Deep Learning 3
Security/ S N
499 (Y. Cheng, M. Risk Descriptive Fle><|bll‘|ty, Human Vertlcal, Real-time Classification 3
Chen, et al., 2018) ] Security Horizontal
Analysis
(Shaban, Yacout, Cost;
Balazinski, Quality . . Conformance; . Historical/ I
500 Meshreki, & Attia, Control Diagnostic Customer Reference No Integration Batch Classification 1
2015) Satisfaction
(Zhuang, Liu, & - - Time; Cost; Vertical; " Custom
501 Xiong, 2018) Monitoring Predictive Flexibility Process Horizontal Real-time Development 3
Time; Cost;
(Dolata, Mrzygtod, Quality - Conformance; . Historical/ .
502 & Reiner, 2017) Control Descriptive Customer Reference No Integration Batch Deep Learning 1
Satisfaction
(Kang He, Zhao, - - . . } Historical/ Custom
503 Jia, & Liu, 2018) Monitoring Descriptive Time; Cost Machine/ Tool Horizontal Batch Development 5
(Van Horenbeek & Condition . . . } Historical/ Custom
504 Pintelon, 2013) Analysis Predictive Time; Cost Machine/ Tool Horizontal Batch Development 6
(C. Kim, Lee, Kim, I - . ’ Historical/ Custom
ee, & Lee, atc evelopmen
505 Lee, & Lee, 2018 Monitoring Descriptive Time; Cost Process No Integration Batch Devel t 3
(Bousdekis,
Papageorgiou, -
506 Magoutas, Conqun Predictive Time; Cost Machine/ Tool Vertical Real-time Custom 3
Apostolou, & Analysis Development
Mentzas, 2018)
Time; Cost;
K Quality A Conformance; Process; . Historical/ Evolutional
507 (H-W. Cho, 2015) Control Predictive Customer Reference No Integration Batch Algorithm 1
Satisfaction
(Ketai He, Zhang, . .
508 Zuo, Alhwiti, & Monitoring Descriptive Time; Cost Machine/ Tool No Integration Historical/ Custom 5
Megahed, 2017) Batch Development
(Pillai, Punnoose, Quality sz?sr;n?;nsé;e‘ Product; Historical/
509 Vadakkepat, Loh, & | Descriptive c ’ H ’ No Integration Batch Fuzzy Logic 1
Lee, 2018) Control ustomer uman atc
! Satisfaction
(Anton, Kanoor, Security/ Historicall Custom
510 Fraunholz, & Risk Descriptive Security Machine/ Tool Vertical Batch Development 3
Schotten, 2018) Analysis P
Time; Cost;
(Luangpaiboon, . - Conformance; . Historical/ Custom
511 2015) Quality Opt. Prescriptive Customer Reference Horizontal Batch Development 2
Satisfaction
Cost;
(Ai-ming, Jian-min, Quality . Conformance; . Historical/ Probabilistic
512 & Kun, 2016) Control Descriptive Customer Reference Horizontal Batch Methods 1
Satisfaction
(Tamilselvan & Defect . - — ) Historical/ A
513 Wang, 2013) Analysis Diagnostic Time; Cost Process Vertical Batch Classification 6
(Bakdi, Kouadri, & Defect . . — . Historical/ Dimension
514 Bensmail, 2017) Analysis Diagnostic Time; Cost Process Horizontal Batch Reduction 3
Lo . — . Historical/ Dimension
515 (Y. Du & Du, 2018) Monitoring Descriptive Time; Cost Process Horizontal Batch Reduction 3
(Jesus A Carino et Condition - L . . Historical/ -
516 al., 2018) Analysis Descriptive Time; Cost Machine/ Tool No Integration Batch Classification 5
(Haasbroek, Historical/ Dimension
517 Strydom, McCoy, & Monitoring Descriptive Time; Cost Process Horizontal Batch Reduction 3
Auret, 2018)
(C. Li, Sanchez, . .
518 Zurita, Cerrada, & A[r)gegils Diagnostic Time; Cost Machine/ Tool Horizontal ngglgﬁall Deep Learning 5
Cabrera, 2016) 4
(Mortada, Yacout, Defect . . . . . Historical/ I
519 & Lakis, 2014) Analysis Diagnostic Time; Cost Machine/ Tool No Integration Batch Classification 5
(Krishnakumari,
Elayaperumal, Defect h . L . . Historical/ Classification;
520 Saravanan, & Analysis Diagnostic Time; Cost Machine/ Tool No Integration Batch Fuzzy Logic 5
Arvindan, 2017)
(Gan, Wang, & Defect - . . Historical/ Dimension
521 Zhu, 2018) Analysis Descriptive Time; Cost Reference No Integration Batch Reduction 5
(Cong Wang, Gan, Defect . . . . . Historical/ Custom
522 & Zhu, 2018) Analysis Diagnostic Time; Cost Machine/ Tool No Integration Batch Development 5
L . — Vertical; Historical/ T
523 (H. Lee, 2017) Monitoring Descriptive Time; Cost Reference Horizontal Batch Classification 5
(Yingfeng Zhang,
. Product Time; Cost; -
524 Ren, Liu, Sakao, & Lifecycle Prescriptive Customer Product End-to-End Historicalf Custom 2
. Opt. Satisfaction Batch Development
Huisingh, 2017)
(Frief3, Kolouch, - L
525 Friedrich, & (,E_\(:]na?'t;?: Descriptive Time; Cost Machine/ Tool Vertical H'gg:';]av Clustering 5
Zander, 2018) 4
Time; Cost;
(R. Ren, Hung, & Quality - Conformance; : Historical/ .
526 Tan, 2018) Control Descriptive Customer Reference No Integration Batch Deep Learning 1
Satisfaction
(Schabus & Scholz, Performanc _— . . Historical/ Custom
527 2015) e Opt. Descriptive Time; Cost Process Vertical Batch Development 3
(B. Y. Choo, ) o )
528 Adams, & Beling, Malntengnc Prescriptive Time; Cost Machine/ Tool Horizontal Historical/ Relnforcgment 2
e Planning Batch Learning

2017)



No. Reference Function Maturity Objective Data Source Integration Frequency Method Cluster
529 S'Llfdu'zégg;)w’ Ji, Aat;flye/gits Diagnostic Time; Cost Machine/ Tool No Integration Real-time Classification 4
Time; Cost;
(J. Tao, Wang, Li, Quality - Conformance; . Historical/ Custom
530 Liu, & Cai, 2016) Control Descriptive Customer Reference No Integration Batch Development 1
Satisfaction
(S. Windmann, . -
531 Jungbluth, & Monitoring Descriptive Time; Cost Process Horizontal Hlstorltr:]all Pmbar?'l:js“c 3
Niggemann, 2015) Batc Methods
Energy - Cost; . Historical/ Classification;
532 (Roh & Oh, 2016) Cons. Opt. Descriptive Sustainability Product No Integration Batch Clustering 3
" . . Time; Cost; -
(Saldivar, Goh, Li, Design - ) ! Product; . Historical/ .
533 Chen, & Yu, 2016) Analysis Predictive S(;t:ztf(;gieorn Customer Vertical Batch Clustering 6
Performanc . Time; Cost; Vertical; End- Historical/ Custom
534 (Jayaram, 2017) e Analysis Predictive Flexibility to-End Batch Development 6
(Mahdavi, Shirazi, Time; Cost;
Ghorbani, & Quality - Conformance; Process; . " Multi-Agent
535 Sahebjamnia, Control Descriptive Customer Reference Horizontal Real-ime System 1
2013) Satisfaction
. ] . Time; Cost; -
536 (Kai Ding & Jiang, Design Diagnostic Customer Customer Vertical Historical/ Custom 6
2016) Analysis X - Batch Development
Satisfaction
537 (Z%Lit;gk“ & Jiang, CA%';?J:; Descriptive Time; Cost Environment Vertical Real-time Deep Learning 3
] . Machine/
538 (X. C. Zhu, Qiao, & Produc_non Prescriptive Time; Cost Tool; Process; Vertical Real-time Custom 2
Cao, 2017) Planning ERP Development
(Sezer, Romero,
Guedea, Macchi, & Condition . — Machine/ . Historical/ .
539 Emmanauilidis, Analysis Predictive Time; Cost Tool: Product Vertical Batch Regression 6
2018)
] Defect " . . . . Historical/ I
540 (Xiong et al., 2016) Analysis Diagnostic Time; Cost Machine/ Tool No Integration Batch Classification 5
(Gouarir, Martinez-
541 g\:}l:zgggrazas. CA%;?;:; Predictive Time; Cost Machine/ Tool Vertical ngtaotrcur:]all Deep Learning 6
Ratchev, 2018)
Time; Cost;
(Ye, Pan, Chang, & Quality . Conformance; " . Historical/ e
542 Yu, 2018) Control Descriptive Customer Machine/ Tool Vertical Batch Classification 1
Satisfaction
(XiaoLi Zhang, .
543 Wang, & Chen, Defec_t Diagnostic Time; Cost Machine/ Tool Vertical Historical/ Classification 6
2015) Analysis Batch
(Cong Wang, Gan, Defect . . . . . Historical/ I
544 & Zhu, 2017) Analysis Diagnostic Time; Cost Machine/ Tool No Integration Batch Classification 5
. Energy N
545 (ZBOTZ)QE etal., Cons. Predictive Sustainability Machine/ Tool Vertical ngt;rénr:]all Regression 6
Analysis
(Z. Li, Wang, & Condition s L . . Historical/ Custom
546 Wang, 2017) Analysis Predictive Time; Cost Machine/ Tool Vertical Batch Development 6
(Dutta, Mueller, & Energy - Cost; . . Historical/ Custom
547 Liang, 2018) Cons. Opt. Predictive Sustainability Environment Vertical Batch Development 6
(Mourtzis, Milas, & Lo . — . . " Custom
548 Vlachou, 2018) Monitoring Descriptive Time; Cost Machine/ Tool Vertical Real-time Development 3
Energy S
549 (J. Lvetal, 2018) Cons. Predictive Sustainability Machine/ Tool No Integration ngtorlﬁall D Culstom 6
Analysis atc evelopment
(Ayad, Terrissa, & Condition - L . Vertical; Historical/ Custom
550 Zerhouni, 2018) Analysis Descriptive Time; Cost Machine/ Tool Horizontal Batch Development 5
(Keizer, Teunter, & Maintenanc - — . . Historical/ Custom
551 Veldman, 2017) e Planning Prescriptive Time; Cost Machine/ Tool Horizontal Batch Development 2
(Diez-Olivan,
Pagan, Khoa, Condition . . . . . Historical/ T
552 Sanz, & Sierra, Analysis Diagnostic Time; Cost Machine/ Tool No Integration Batch Classification 5
2018)
(Jianjing Zhang,
Peng Wang, - S
553 Rugiang Yan, & C;\onclilthn Predictive Time; Cost Machine/ Tool No Integration ngtorlﬁall Deep Learning 6
Robert X. Gao, nalysis ate
2018)
(Susto, Schirru, Condition Historical/
554 Pampuri, McLoone, Analysi Predictive Time; Cost Machine/ Tool No Integration Batch Classification 6
& Beghi, 2015) nalysis ate
(Candanedo,
Nieves, Gonzalez, Condition - N . . Historical/ .
555 Martin, & Briones, Analysis Predictive Time; Cost Environment No Integration Batch Regression 6
2018)
556 (Reina et al., 2018) Conqun Descriptive Time; Cost Machine/ Tool No Integration Historical/ Custom 5
Analysis Batch Development
(Ying-Jen Chen,
Fan, & Chang N
. ’ Performanc - . . . Historical/ Custom
557 Egﬁgétﬁﬁ(ﬁer N e Analysis Descriptive Time; Cost Machine/ Tool No Integration Batch Development -
Friedrich, 2016)
Time; Cost;
(Ying-Jen Chen et Quality . Conformance; . . Historical/ e
558 al., 2016) Control Descriptive Customer Machine/ Tool Vertical Batch Classification 1
Satisfaction
(Kamsu-Foguem, Historical/ Custom
559 Rigal, & Mauget, Monitoring Descriptive Time; Cost Process Horizontal Batch Development 3

2013)



No. Reference Function Maturity Objective Data Source Integration Frequency Method Cluster
(Groger, Stach, L L
560 Mitschang, & Pegcgmtanc Diagnostic Time; Cost Process H\{)erir;gr?tlval ngg:':ﬁal/ DeSelzjlf)torwent 3
Westkamper, 2016) pL. P
(X. Wen & Gong, Condition - N Historical/ Custom
561 2017) Analysis Predictive Time; Cost Batch Development 6
562 ge%ngg’zzoqir;g’ & Monitoring Diagnostic Time; Cost Machine/ Tool No Integration ngg:':ﬁal/ P'ﬁZ?ﬁéléssnc 5
(Rivera Torres,
563 Serrano Me_rcado, Malnten_anc Predictive Time; Cost Process Horizontal Historical/ Custom 6
Llanes Santiago, & e Planning Batch Development
Anido Rifén, 2018)
(Jing Tian, Morillo, Defect Historical/
564 Azarian, & Pecht, N Diagnostic Time; Cost Machine/ Tool No Integration Classification 5
2016) Analysis Batch
(Seera, Lim, & Loo, Defect . . N . . Historical/ Classification;
565 2016) Analysis Diagnostic Time; Cost Machine/ Tool No Integration Batch Regression 5
Time; Cost;
(Mashhadi, Cade, Quality - Conformance; Vertical; " .
566 & Behdad, 2018) Control Predictive Customer Product Horizontal Real-time Regression 1
Satisfaction
Time; Cost;
. Quality . Conformance; Product; . Historical/ Custom
567 (Xie etal., 2015) Control Descriptive Customer Reference Horizontal Batch Development 1
Satisfaction
(B. Zhang & Shin, L L N . Vertical; Historical/ I
568 2018) Monitoring Descriptive Time; Cost Machine/ Tool Horizontal Batch Classification 5
(J. Morgan & - . N . Vertical; Historical/ Custom
569 O'Donnell, 2017) Monitoring Descriptive Time; Cost Machine/ Tool Horizontal Batch Development 5
. Time; Cost; -
570 (Yue Wang & DeS|gn Diagnostic Customer Customer No Integration Historical/ Classification 6
Tseng, 2015) Analysis X N Batch
Satisfaction
(L. Wen, Li, Gao, & Defect . . N . . Historical/ X
571 Zhang, 2018) Analysis Diagnostic Time; Cost Machine/ Tool No Integration Batch Deep Learning 5
572 (H. Liu et al., 2018) Conqun Descriptive Time; Cost Machine/ Tool No Integration Historical/ Custom 5
Analysis Batch Development
(Guofeng Wang, - . " .
573 Zhang, Liu, Xie, & (ion(ihtlc_)n Descriptive Time; Cost Machine/ Tool Horizontal H|§tor|?1all I?;n:jens_wn 5
Xu, 2016) nalysis atcl eduction
(R. Kannan, Time; Cost;
574 Manohar, & Monitoring Diagnostic Flex’ibilit ' Machine/ Tool No Integration Real-time Classification 5
Kumaran, 2018) Y
(Hongyang Yu, . .
. N i Time; Cost; " . Custom
575 ggfg) & Garaniya, Monitoring Descriptive Flexibility Process No Integration Real-time Development 3
(S.Wang et al., Defect . . N . . Historical/ Custom
576 2017) Analysis Diagnostic Time; Cost Machine/ Tool No Integration Batch Development 5
(Kisskalt,
577 EL§§|Z??Tnndtt & i%r;?;;?: Descriptive Time; Cost Machine/ Tool Vertical H|§t§tréﬁall P",\C;IZ?#('LSS“C 5
Franke, 2018)
(Gowid, Dixon, & Condition . — . . Historical/ -
578 Ghani, 2015) Analysis Descriptive Time; Cost Machine/ Tool No Integration Batch Classification 5
579 \(Iiar?g gglg)e & Monitoring Descriptive Time; Cost Process No Integration ngt;ré(r:]all Classification 3
. T Reinforcement
580 (Si?:flrf‘ski 2017) P';?;#ﬁitr']on Prescriptive Time; Cost Process Horizontal ngtaotr:r:]all Learning; Multi- 2
Y ’ 9 Agent System
(Duan, Deng, . - .
581 Gong, & Wang, Malrlnenanc Prescriptive Time; Cost Machine/ Tool Horizontal Hlstonﬁall E\'|°|Ut.'%nal 2
2018) e Planning Batc Algorithm
(Shuhui Qu, Wang, . . i aal- ;
. R Production . — Product; Vertical; . Reinforcement
582 ?OO]\_I(ISI) & Leckie, Planning Prescriptive Time; Cost Human Horizontal Real-time Learning 2
(Kan, Yang, & Condition - . . Vertical; Historical/ Custom
583 Kumara, 2018) Analysis Descriptive Time; Cost Machine/ Tool Horizontal Batch Development 5
(S —_— .
i Time; Cost;
584 ¥ﬁ22]£5l‘;(;:13§(09ﬂ, Quality Predictive Conformance; Machine/ No Integration Historicalf Regression 1
yom, Control Customer Tool; Product 9 Batch 9
Ratanakuakangwa Satisfaction
n, 2017)
. . Energy s
585 gs' J- Shin, Woo, & Cons. Predictive Sustainability Machine/ Tool Vertical Historicalf Classification 6
achuri, 2014) . Batch
Analysis
Condition - . . Vertical; . Custom
586 (Oyekanlu, 2017) Analysis Descriptive Time; Cost Machine/ Tool Horizontal Real-time Development 3
. Machine/
. . Security/ N N
587 (Kajmakovic et al., Risk Predictive Security .TOOl' : Horizontal Historical/ Custom 3
2018) - Environment; Batch Development
Analysis
Human
(Akhavei & Production - N . Historical/ .
588 Bleicher, 2016) Planning Predictive Time; Cost Process No Integration Batch Regression 6
. Condition - — . . Historical/ Custom
589 (Kireev et al., 2018) Analysis Predictive Time; Cost Machine/ Tool Vertical Batch Development 6
N . Process; -
590 ,ﬁ;'sﬁznég??%h’ & ggr?tl:.z Prescriptive Environment; Horizontal H';?{";]all Fuzzy Logic 3
! Human
(Alexander N . . .
. - Time; Cost; . Historical/ Custom
591 g:ggiiyzzq%c)) & Monitoring Descriptive Sustainability Process No Integration Batch Development 3
Time; Cost;
Quality - Conformance; . " -
592 (Oh et al., 2013) Control Predictive Customer Reference Horizontal Real-time Classification 1

Satisfaction



No. Reference Function Maturity Objective Data Source Integration Frequency Method Cluster
(Ragab, Yacout, . .
593 Quali, & Osman, Defec‘t Predictive Time; Cost Machine/ Tool No Integration Historical/ Classification 6
2016) Analysis Batch
(D. Kim, Han, Lin, Defect - - . . Historical/ Custom
594 Kang, & Lee, 2018) Analysis Descriptive Time; Cost Machine/ Tool No Integration Batch Development 5
(Jinzhi Wang, Qu, ) N § - .
595 Wang, Leckie, & Produgtlon Prescriptive Tlme,. (?(.)St‘ Process Horizontal Historicalf Relnforcgment 2
Planning Flexibility Batch Learning
Xu, 2017)
(Gajjar, Kulahci, & - - N . i Custom
596 Palazoglu, 2018) Monitoring Descriptive Time; Cost Process Horizontal Real-time Development 3
(M. Canizo,
597 Onieva, Conde, Conqun Predictive Time; Cost Machine/ Tool Vertical Real-time Classification 4
Charramendieta, & Analysis
Trujillo, 2017)
(Z_idek, Hosovsky, Performanc . . . Historical/ .
598 Pitef, & Bednar, Descriptive Time; Cost Process Horizontal h Deep Learning 3
2019) e Opt. Batcl
(Duong et al., Condition - N . . Historical/ .
599 2018) Analysis Predictive Time; Cost Machine/ Tool No Integration Batch Regression 6
(Ahmad, Khan, Condition - N . . Historical/ .
600 Islam, & Kim, 2018) Analysis Predictive Time; Cost Machine/ Tool No Integration Batch Regression 6
(X. Chen, Shen, Condition Historical/
601 He, Sun, & Liu, vsi Predictive Time; Cost Machine/ Tool No Integration h Classification 6
2013) Analysis Batcl
(Xiang Li, Ding, & Condition - N . . Historical/ .
602 Sun, 2018) Analysis Predictive Time; Cost Machine/ Tool No Integration Batch Deep Learning 6
(Al Sunny, Liu, & Defect . B N . . Historical/ Custom
603 Shahriar, 2018) Analysis Diagnostic Time; Cost Machine/ Tool Vertical Batch Development 6
(Q. Zhou, Yan, Liu, Defect . . N . . Historical/ Custom
604 Xin, & Chen, 2018) Analysis Diagnostic Time; Cost Machine/ Tool Vertical Batch Development 6
(Shuai Zhang, - . -
Condition - N . . Historical/ Probabilistic
605 %gig)g & Zhu, Analysis Predictive Time; Cost Machine/ Tool No Integration Batch Methods 6
(Ray Y Zhong, Dai, . Time; Cost; L .
606 Qu, Hu, & Huang, P';(l):#;trl]on Prescriptive Customer Process H\gerir;g:r?tlél Real-time Mlélt';?egnim 2
2013) 9 Satisfaction 4
(Hinchi & Tkiouat, Condition . N . o Historical/ X
607 2018) Analysis Predictive Time; Cost Machine/ Tool End-to-End Batch Deep Learning 6
(Prosvirin, Islam, Defect . . N . Historical/ I
608 Kim, & Kim, 2018) Analysis Diagnostic Time; Cost Product No Integration Batch Classification 5
(Gawand, Security/ Machine/ Historical/ Custom
609 Bhattacharjee, & Risk Descriptive Security Tool; Vertical Batch Development 3
Roy, 2017) Analysis Environment p
(Lavrova, Security/ -
610 Poltavtseva, & Risk Descriptive Security Process Vertical H|§;0trclf1all De\s:lf)mr;nent 3
Shtyrkina, 2018) Analysis p
(M. Zheng & Wu, Maintenanc - N . . . Custom
611 2017) e Planning Predictive Time; Cost Machine/ Tool Vertical Real-time Development 3
(Germen, Basaran, Defect . . . . . Historical/ Dimension
612 & Fidan, 2014) Analysis Diagnostic Time; Cost Machine/ Tool No Integration Batch Reduction 5
(Shimada & Condition - N . . Historical/ Custom
613 Sakajo, 2016) Analysis Predictive Time; Cost Machine/ Tool No Integration Batch Development 6
(Q. Peter He & Jin - - N . " Custom
614 Wang, 2018) Monitoring Descriptive Time; Cost Process Vertical Real-time Development 3
(Q Peter He & Jin - - — . " Custom
615 Wang, 2018) Monitoring Descriptive Time; Cost Process Vertical Real-time Development 3
(Mayer, Mayer, & Lo . . . . Historical/ Classification;
616 Abdo, 2017) Monitoring Descriptive Time; Cost Machine/ Tool Vertical Batch Clustering 5
(Gururajapathy, -
617 Mokhlis, lllias, & Defec_t Descriptive Time; Cost Machine/ Tool No Integration Historicalf Classification 5
. Analysis Batch
Awalin, 2017)
(Ray & Mishra, Defect - . . . Historical/ I
618 2016) Analysis Descriptive Time; Cost Machine/ Tool No Integration Batch Classification 5
(H.-J. Shin, Cho, & Defect - N . Historical/ I
619 Oh, 2018) Analysis Predictive Time; Cost Process Horizontal Batch Classification 2
(Palacios,
Gonzélez- Production . L . Historical/ Swarm
620 Rodriguez, Vela, & Planning Prescriptive Time; Cost Process No Integration Batch Intelligence 2
Puente, 2015)
. Time; Cost;
(C.-F. Chien, S.-C. . ! - . :
621 Hsu, & Y.-J. Chen, Qualltyl Descriptive Conformance; Machine/ Tool Vertical Hlston(;all Classification 1
2013) Control Cu_stom_er Batc
Satisfaction
(D. Song & Yang, - - — . . Historical/ .
622 2018) Monitoring Predictive Time; Cost Environment No Integration Batch Regression 6
(Morariu & Production . Time; Cost; . " .
623 Borangiu, 2018) Planning Prescriptive Flexibility Process Vertical Real-time Deep Learning 2
. -, S Classification;
(G. F. Wang, Xie, & Condition - N . . Historical/ N '
624 Zhang, 2017) Analysis Descriptive Time; Cost Machine/ Tool No Integration Batch Evolut_lonal 5
Algorithm
(Tao Li, Zhang, Condition . . . . Historical/ -
625 Luo, & Wu, 2017) Analysis Descriptive Time; Cost Machine/ Tool No Integration Batch Classification 5
(Karandikar, Condition - ) ) ) Historical/ o
626 McLeay, Turner, & Analysis Descriptive Time; Cost Machine/ Tool No Integration Batch Classification 5
Schmitz, 2015) Y
(A. Brodsky,
Krishnamoorthy, Performanc - . Vertical; Historical/ Custom
627 Menascé, Shao, & e Opt. Prescriptive Time; Cost Process Horizontal Batch Development 3
Rachuri, 2014)
. . Quality - Time; Cost; Process; . Historical/ I
628 (Oliff & Liu, 2017) Control Descriptive Conformance: Reference Vertical Batch Classification 1



No. Reference Function Maturity Objective Data Source Integration Frequency Method Cluster
Customer
Satisfaction
Time; Cost;
(Flath & Stein, Quality - Conformance; . Historical/ Custom
629 2018) Control Predictive Customer Process Vertical Batch Development 1
Satisfaction
(Sanchez, Conde, Historicall
630 Arriandiaga, Wang, Monitoring Predictive Time; Cost Machine/ Tool Vertical Batch Deep Learning 6
& Plaza, 2018)
(Vazan, Janikova,
Tanuska, Kebisek, L . N Vertical; Historical/ Custom
631 & Cervenanska, Monitoring Predictive Time; Cost Process Horizontal Batch Development 6
2017)
(R. Jain, Singh, Product Historicall
632 Yadav, & Mishra, Lifecycle Prescriptive Time; Cost ERP; Human Horizontal Classification 2
Batch
2014) Opt.
633 (SEL?ZS n,z(?ﬁ?)an, & CA(?]';?;'S?: Predictive TIIZT;iigl?tSyt: Machine/ Tool No Integration H'ggtrclﬁa" Fuzzy Logic 6
Table A.3 Coded Publications from Second Literature Survey with Clusters (n=232)
No. Reference Function Maturity Objective Data Source Integration Frequency Method Cluster
(A. Zhang et al., Defect - N . Historical/ .
634 2019) Analysis Predictive Time; Cost Product No Integration Batch Deep Learning 6
Classification;
. Regression; Deep
(Abidi, ~ Alkhalefah, Production - Time; Cost; . Historical/ Learning;
635 Mohammed, Umer, A Prescriptive P Process No Integration 7 2
L Planning Flexibility Batch Mathematical
& Qudeiri, 2020) AN
Optimization;
Fuzzy Logic
Probabilistic
. . Methods;
(Alavian, Eun, R . Machine/ -
636 Meerkov, & Zhang, Performanc Prescriptive Tlme,'(;(')st, Tool; Process; Vertical Real-time Mat_he_mat_lca! 2
e Opt. Flexibility Optimization;
2020) Product
Custom
Development
(Alexopoulos,
Nikolakis, & Design . Time; Cost; Reference; o Historical/ Regression; Deep
637 Chryssolouris, Analysis Descriptive Conformance ERP End-to-End Batch Learning 6
2020)
(Alfeo, Cimino, Design Historical/
638 Manco, Ritacco, & 9r Diagnostic Conformance Machine/ Tool No Integration Deep Learning 1
o Analysis Batch
Vaglini, 2020)
639 (Ansari, Glawar, & Maintenanc Prescriptive Time Machine/ Vertical Historical/ Custom 2
Nemeth, 2019) e Planning P Tool; ERP Batch Development
. Security/ Security; Machine/ - -
640 (ZAo?oc)hchlge et al, Risk Descriptive Customer Tool; H\é)el'{;:):r?[léll H'gg';ﬁall Deep Learning 3
Analysis Satisfaction Customer
(Arellano-Espitia,
Delgado-Prieto,
Martinez-Viol, Defect . . . - . . . .
641 Saucedo-Dorantes, Analysis Diagnostic Sustainability Machine/ Tool No Integration Real-time Deep Learning 4
& Osornio-Rios,
2020)
(Arpaia, Moccaldi, Security/
642 Prevete, Sannino, & Risk Predictive Cost; Security Human No Integration Real-time Classification 3
Tedesco, 2020) Analysis
Classification;
Probabilistic
Methods; Deep
. Learning;
(Ashish Kumar, N e . . i c
643 Dimitrakopoulos, & Produc_tlon Prescriptive Tlme,_ C__OSI, !ERP' End-to-End Real-time Relnforc_emfent 2
Maulen, 2020) Planning Flexibility Environment Learning;
’ Mathematical
Optimization;
Custom
Development
(Aydemir Condition - —— . . Historical/ Regression; Deep
644 Paynabar, 2019) Analysis Predictive Time; Cost Machine/ Tool No Integration Batch Learning 6
N . Deep Learning;
(B. Chen et al, Performanc - Time; Cost; . . " ¥
645 2019) e Opt. Descriptive Flexibility Machine/ Tool No Integration Real-time Rell?forcgment 3
earning
(B. Yang, Cao, Li, - N S
646 Zhang, & Qian, CAon?mqn Prescriptive ‘fl'lme, Process No Integration Hlstorlﬁall Culstom 2
2019) nalysis Conformance Batc Development
. . . L Deep Learning;
(B.-A. Han & Yang, Production - Time; Cost; : Historical/ :
647 2020) Planning Prescriptive Flexibility ERP No Integration Batch Relnforct_ement 2
Learning
Probabilistic
Methods;
(Barde, Yacout, &  Maintenanc - —— Machine/ . i Reinforcement
648 Shin, 2019) e Planning Prescriptive Time; Cost Tool: Process No Integration Real-time Learning; 2
Mathematical
Optimization
649 (Bowler, Bakalis, & Monitoring Predictive Cost Reference; No Integration Real-time Classification; 6

Watson, 2020)

Environment

Deep Learning



No. Reference Function Maturity Objective Data Source Integration Frequency Method Cluster
650 (C. Xu & Zhu, 2020) Sgst“rtgl Descriptive Conformance Product Horizontal Real-time Classification 1
. . . Deep Learning;
651 (C'._C' Lm.‘ Deng, Produgtlon Prescriptive Time; Cost Machine/ Tool No Integration Historical/ Reinforcement 2
Chih, & Chiu, 2019) Planning Batch Learning
(C.-C. Lin, Deng, Condition . Time; Cost; . . Historical/ Classification;
652 Kuo, & Chen, 2019) Analysis Predictive Sustainability Machine/ Tool No Integration Batch Regression 6
(C-F. Lai, Chien, Cost: Historical/
653 Yang, & Qiang, Monitoring Prescriptive i Machine/ Tool No Integration Classification 1
2019) Conformance Batch
(C.-M. Kuo, Chen, - . L
654 Tseng, & Kao, Desl'g'.‘ Predictive Cqstfom_er Customer; No Integration H'Stonﬁa" Culstom 6
2020) Analysis Satisfaction Human Batcl Development
. . Clustering;
655 (C"Y.' Wang, Chen, Performanc Predictive Cost Product No Integration Historical/ Mathematical 6
& Chien, 2020) e Opt. Batch A
Optimization
. - Machine/
656 l(\/ﬁ:mjo I(j u\zlggg) & CA%natljltls?g Predictive Cost Tool; No Integration Real-time Classification 4
giu. 4 Environment
(Carvajal Soto, Quali Time; Classification;
657 Tavakolizadeh, & Contrtgl Predictive Conformance; Product No Integration Real-time Dee, Learnin‘ 1
Gyulai, 2019) Flexibility P 9
(Chang ~ Liu,  Li, Production Process; Retrgg:ﬁﬁ]rggnt
658 Tang, Lin, & Liu, Planning Prescriptive Time; Cost Customer Horizontal Real-time Mathematical 2
2019) A
Optimization
(Chang Liu, Tang, & . . Conformance; . Historical/ .
659 Liu, 2019) Quiality Opt. Prescriptive Security Process Horizontal Batch Regression 3
. . N . Regression;
660 ((_:hang Liu, Tang, Quality Prescriptive Time; Cost; Process No Integration Real-time Dimension 2
Liu, & Tang, 2018) Control Conformance Reduction
(Che, Liu, Che, & Production s — . Historical/ Mathematical
661 Lang, 2020) Planning Prescriptive Time; Cost Process No Integration Batch Optimization 2
(Cheol Young Park, . oo
662 Kim, Kim, & Lee, Quiality Opt. Predictive Cost; Machine/ Tool No Integration Real-time Regress_lon, 4
2020) Conformance Clustering
(Chong Chen, Liu, Energy . .
663 Kumar, Qin, & Ren, Cons. Predictive SUS[CF::I?I'?;]N" Reference No Integration ngt;tr(':ﬁav Deep Learning 6
2019) Analysis ty
664 (Chouliaras & Monitorin Predictive Cost, Process Horizontal Real-time Deep Learnin 6
Sotiriadis, 2019) 9 Conformance p 9
Cost; Regression;
(Chu, Xie, Wu, Guo, ’ - Conformance; N Historical/ Evolutional
665 & Yau, 2020) Quiality Opt. Descriptive Customer Reference No Integration Batch Algorithm; Multi- 1
Satisfaction Agent System
. . . Regression; Deep
(Cui, Ren, Wang, & Condition - Time; Cost; . . " -
666 Zhang, 2019) Analysis Predictive Security Machine/ Tool No Integration Real-time Learning; Custom 4
Development
. Machine/ -
667 (D. B. Kim, 2019) Performanc Prescriptive Confor_m ance; Tool; Process; Vertical Historical/ Custom 2
e Opt. Flexibility Batch Development
Product
Classification;
. - ) . . . Probabilistic
668 (D. Wu et al., 2019) Monitoring Descriptive Time Machine/ Tool No Integration Real-time Methods; Deep 3
Learning
. - . Dimension
669 (D?‘" Wang, Huang, Condmc_m Descriptive Time; Cost Machine/ Tool No Integration Historicalf Reduction; Deep 5
Shi, & Zhu, 2020) Analysis Batch L .
earning
L . . . Dimension
670 (Dan et al., 2020) Quality Opt. Predictive Time; Cost; Machine/ Tool No Integration Historicalf Reduction; Deep 1
Conformance Batch ;
Learning
(de Farias, de
671 Alm_elda,_ Delijaicov, Conqun Predictive Time; Cost Machine/ Tool No Integration Historical/ Deep Learning 6
Seriacopi, & Analysis Batch
Bordinassi, 2020)
. Mathematical
Security/ LS
672 (de Sa, Carmo, & Risk Diagnostic Security ERP No Integration Real-time Optimization; 3
Machado, 2017) : Swarm
Analysis "
Intelligence
(Demertzis, lliadis, Security/ Dcelzssl'_f'e‘ﬁﬂ?:;,
673  Tziritas, & Kikiras, Risk Predictive Security Process Vertical Real-time p 9 3
2020) Analysis Custom
Development
- L . . Historical/ Classification;
674 (Deng et al., 2020) Monitoring Prescriptive Time; Cost Process No Integration Batch Deep Learning 2
Classification;
(Denkena, X . N N S
675 Bergmann, & Witt, Performanc Predictive Conlforrn_?nce, Mlalu:hlne/ No Integration Hlstorlaall Dlm_ensllon 1
2019) e Opt. Flexibility Tool; Process Batc Reductlon_, Deep
Learning
(Dimitriou et al., Quality - Time; Cost; . . Historical/ Classification;
676 2019) Control Predictive Conformance Machine/ Tool No Integration Batch Deep Learning 1
(Doltsinis, Quali . §
- uality . Time; Cost; . . . I
677 Krestenitis, & Control Predictive Conformance Machine/ Tool No Integration Real-time Classification 4
Doulgeri, 2019)
(Dong Sun et al, Production . . — o Historical/ ;
678 2019) Planning Diagnostic Time; Cost ERP End-to-End Batch Clustering 6
(Elgendi, Hossain, Security/ Historicall
679 Jamalipour, & Risk Prescriptive Cost; Security Process Vertical Classification 3
" . Batch
Munasinghe, 2019) Analysis
: Classification;
(Elsheikh, Yacout, - . X S
" Condition .- Time; Cost; . . ) Regression;
680 Ouali, & Shaban, Analysis Predictive Security Machine/ Tool No Integration Real-time Custom 4

2020)

Development



No. Reference Function Maturity Objective Data Source Integration Frequency Method Cluster
(Epureanu, Li, . . . Machine/ . . .
681 Nassehi, & Koren, rza’;?;ﬁﬂ?nnc Prescriptive T::rlr;ex,ibciliotst, Tool; Product; Vertical ngg:':ﬁal/ Rell—rg(;rrtr:]tiar:nent 2
2020) 9 Yy ERP 9
: . - - - Dimension
682 (Essien & Giannetti, Produgtlon Predictive Time; Cost Machine/ Tool End-to-End Historical/ Reduction; Deep 6
2020) Planning Batch .
Learning
(Ezeme, Mahmoud, L . . N . Machine/ . Historical/ .
683 & Azim, 2019) Monitoring Diagnostic Time; Security Tool: Process No Integration Batch Deep Learning 5
(Faraci, Raciti, N § - X
684 Rizzo, & Schembra, CEnergy Prescriptive Time; Cgslt Machine/ Tool No Integration H'Stor'f]a" Relnforcgmem 6
2020) ons. Opt. Sustainability Batcl Learning
(Farivar, Haghighi, Security/ .
: . - . . Historical/ .
685 Jolfaei, & Alazab, Risk Predictive Security Process No Integration Batch Deep Learning 3
2019) Analysis
(Foresti, Rossi, Maintenanc Time; Cost; Custom
686 Magnani, Bianco, & e Plannin Predictive Conformance; ERP; Human Vertical Real-time Development 3
Delmonte, 2020) 9 Sustainability P
; e . . P Classification;
687 (Frumosu et al., Quality Predictive Time; Cost; Process; No Integration Historical/ Evolutional 1
2020) Control Conformance Reference Batch .
Algorithm
(G. G. Rodriguez, Production Process;
688 Gonzalez-Cava, & Plannin Predictive Time; Cost ERP; End-to-End Real-time Fuzzy Logic 6
Pérez, 2019) 9 Environment
(Gang Wwang, Condition
689 Nixon, & Analysis Predictive Time Machine/ Tool End-to-End Real-time Regression 4
Boudreaux, 2019) 4
(Gao, Zhang, Chen, .
- Energy - . ’ : Mathematical
690 ggfg) & Vucetic, Cons. Opt. Predictive Cost Machine/ Tool Horizontal Real-time Optimization 6
Security/ -
(Genge, Haller, & . - . . . Historical/ Custom
691 Endchescu, 2019) AnR;;kSis Predictive Security Machine/ Tool No Integration Batch Development 3
(Ghahramani, Qiao, Performanc Historical/ Dimension
692 Zhou, Hagan, & e Opt Predictive Time; Cost Process Vertical Batch Reduction; Deep 6
Sweeney, 2020) pt. Learning
693 (Gou etal., 2019) Condition  pojictive 1M COSL \achine/ Tool  No Integration Real-time Mathematical 4
Analysis Security Optimization
Classification;
(Grzenda & Bustillo, . - Time; Cost; . . " Regression;
694 2019) Quality Opt. Predictive Conformance Machine/ Tool No Integration Real-time Custom 4
Development
(H. Hu, Jia, He, Fu, Production . Time; Machine/ . i Reinforcement
695 & Liu, 2020) Planning Prescriptive Flexibility Tool; Process Vertical Real-time Learning 2
696 (H. Huang et al, Defec_t Predictive Time; Cost Machine/ Tool No Integration Real-time CIaSS'flcam.)n: 4
2019) Analysis Deep Learning
(H. Wang, Li, Song, Defect - Machine/ . Historical/ Clustering; Deep
697 Cui, & Wang, 2019) Analysis Predictive Cost Tool; Product No Integration Batch Learning 6
(H. Wang, Ren, Defect - N . . Historical/ e
698 Song, & Cui, 2019) Analysis Predictive Time; Cost Machine/ Tool No Integration Batch Classification 6
(H. Xu, Liu, Yu, X . . .
699  Grifith, & Golmie, ~FEMOManc  pocirintive Flexibility Reference; Vertical H'Sm"ﬁa" Reinforcement 2
2020) e Opt. Environment Batc Learning
(H. Yang, Alphones, . - Deep Learning;
700 Zhong, Chen, & Xie, CcI)E:sergyt Prescriptive Sustca?r?at\’bili Machine/ Tool No Integration ngggﬁav Reinforcement 6
2019) - Opt. ty Learning
Security/ Historical/ Custom
701 (H. Yao etal., 2019) AnR;E/ksis Descriptive Security Machine/ Tool No Integration Batch Development 3
(H-K. Wang & . - Cost; Process; . Historical/ Evolutional
702 Chien, 2020) Quality Opt. Prescriptive Conformance Reference No Integration Batch Algorithm 1
(Halawa et al Security/ Custom
703 ” Risk Descriptive Security Process End-to-End Real-time 3
2020) Analysis Development
(Hassan, Gumaei, Security/ Security; - e
704 Huda, & Almogren, Risk Descriptive Customer Reference End-to-End ngglgﬁall C;?:igzg;g:}“ 3
2020) Analysis Satisfaction 9
(. Rodriguez et al., Production L Time; Cost; . Historical/ e
705 2020) Planning Prescriptive Flexibility Process No Integration Batch Classification 2
706 (lannino et al., Performanc Predictive Time; Cost Process Horizontal Real-time Multi-Agent 3
2020) e Opt. System
(Ismail, Idris, Ayub, Quality - Time; Product; . Historical/ e
707 & Yee, 2019) Control Predictive Conformance Reference No Integration Batch Classification 1
. X Machine/ -
(J. Chen, Zhang, & Quality - Time; Cost; N . . Classification;
708 Predictive Tool; No Integration Real-time . 4
Wu, 2020) Control Conformance Reference Deep Learning
(J. Feng, Li, Xu, & Quality - Time; : Historical/ I
709 Zhong, 2018) Control Descriptive Conformance Process No Integration Batch Classification 1
Classification;
Deep Learning;
. . . § Reinforcement
710 S-Lii: ﬁo‘ 2"(')20)2 hao, Aazfle(s:its Predictive Tlgz;u(rlift)st Machine/ Tool No Integration Real-time Learning; Multi- 4
9. Y 4 Agent System;
Custom
Development
Classification;
Dimension
Reduction; Deep
(J. Li, Xu, Gao, Qualit Learning;
711 Wang, & Shao, Contrgl Predictive Conformance Machine/ Tool No Integration Real-time Reinforcement 4

2020)

Learning; Multi-
Agent System;
Custom
Development



No. Reference Function Maturity Objective Data Source Integration Frequency Method Cluster
Security/ L L .
712 (J. Liu et al., 2020) Risk Descriptive Security Machine/ Tool Vertlcal, Historical/ Probabilistic 3
. Horizontal Batch Methods
Analysis
- Deep Learning;
713 (J. Luo, Chen, Yu, & Energy Prescriptive Time; Cost Process Vertical Historicalf Reinforcement 2
Tang, 2020) Cons. Opt. Batch Learning
(Jha, Babiceanu, & Production . Time; Cost; X oy i Mathematical
714 Seker, 2019) Planning Prescriptive Flexibility Process; ERP End-to-End Real-time Optimization 2
(Jing  Yang, Li, . . .
715 Wang, & Yang, gualltyl Predictive Tm;e, Cost; Machine/ Tool No Integration Real-time Deep Learning 4
2019) ontrol Conformance
(Jinjiang Wang, - L
716 Yan, Li, Gao, & Conqun Predictive Time; Cost Machine/ Tool No Integration Historical/ Deep Learning 6
Analysis Batch
Zhao, 2019)
Grimgwarg Yo o | | o Yetenatea
717 Gao, Li, & Zhang, 8 Predictive Time; Cost Machine/ Tool No Integration Real-time ! 3
Analysis Custom
2019)
Development
(Jomthanachai,
Rattanamanee, . . . Time; Cost; . Historical/ Evolutional
718 Sinthavalai, 2 Quality Opt. Diagnostic Conformance Product No Integration Batch Algorithm 1
Wong, 2020)
(Jonghyuk Kim & - s Time; . " Custom
719 Hwangbo, 2019) Monitoring Predictive Sustainability Process No Integration Real-time Development 3
(K. H. Sun et al., Defect . . . . . Historical/ .
720 2020) Analysis Diagnostic Time; Cost Machine/ Tool No Integration Batch Deep Learning 5
Machine/ I
Classification;
(K. T. Park et al., Energy - - Tool; Process; . i Lo
721 2020) Cons. Opt. Predictive Sustainability ERP: End-to-End Real-time Regressmn, Deep 6
N Learning
Environment
(K. Wang et al., Energy - . . Reinforcement
722 2020) Cons. Opt. Prescriptive Cost Process Vertical Real-time Learning 2
- . Classification;
723 (K. Zhu & Lin, 2019) Condltlc_)n Predictive Cost Machine/ Tool No Integration Historicalf Dimension 6
Analysis Batch N
Reduction
(K. Zhu, Li, & Condition - N Machine/ . " .
724 Zhang, 2019) Analysis Predictive Time; Cost Tool: Process No Integration Real-time Deep Learning 4
(Kabugo, Jamsa-
725 Jounela, Monitoring Predictive Time; Cost Product End-to-End Real-time Deep Learning 6
Schiemann, &
Binder, 2020)
(Kai Ding, Zhang, . - -
726 Chan, Chan, & Pmduc_tlon Prescriptive Time; Cost Machine/ Tool No Integration Historical/ Probabilistic 2
Planning Batch Methods
Wang, 2019)
(Kazi, Eljack, & Quality - Product; N Historical/ .
727 Mahdi, 2020) Control Predictive Conformance Reference No Integration Batch Deep Learning 1
(Ke, Chen, Chen, Production o . . Historical/ Swarm
728 Wang, & Zhang, . Prescriptive Time ERP No Integration : 2
2020) Planning Batch Intelligence
(Khoda, Imam, .
Security/ .
Kamruzzaman, . - . : Historical/ -
729 Gondal, & Rahman, AHR;ISksis Predictive Security Reference No Integration Batch Classification 3
2019) Y
. Classification;
. - Machine/ T N -
(Kiangala & Wang, Condition - . . N . Historical/ Dimension
730 2020) Analysis Predictive Cost; Security . Tool, No Integration Batch Reduction; Deep 6
nvironment i
Learning
(Koénig & Helmi, Condition h . L . . " )
731 2020) Analysis Diagnostic Time; Cost Machine/ Tool No Integration Real-time Deep Learning 5
Sustainability; -
732 gK;n:ltarz\t:r;poulo CE::%V t Predictive Customer Machine/ Tool No Integration ngglgﬁall Deep Learning 6
v - Opt. Satisfaction
(Krishnamurthy, Time: Cost:
733 Karri, & Khorrami, Monitoring Diagnostic e Machine/ Tool Vertical Real-time Classification 3
Security
2019)
. Time; . .
(L. Hu, Miao, Wu, Performanc Flexibility: Machine/ Deep Learning;
734 Hassan, & Humar, e Opt Prescriptive Customtgr' Tool; Product; Horizontal Real-time Custom 2
2019) Satisfaction Customer Development
(L. Jin, Zhang, Wen, . T .
. Production - — . Historical/ Evolutional
735 2020) Christopher, Planning Prescriptive Time; Cost Process Vertical Batch Algorithm 2
(L. Song et al, " . Cost; . . Historical/ A
736 2019) Quality Opt. Predictive Conformance Machine/ Tool No Integration Batch Classification 1
. Security/ N -
(Latif, Zou, Idrees, . - . . . Historical/ Classification;
737 & Ahmad, 2020) Rlsk_ Predictive Security Machine/ Tool No Integration Batch Deep Learning 3
Analysis
(Lei Ren, Meng, " . S . .
738 Wang, Lu, & Yang, Qualltyl - SOSL Process No Integration Hlstorlﬁall Dlmens_lon 1
2020) Control Conformance Batc Reduction
(Lenz, MacDonald, Product L X .
N . - Time; Cost; Machine/ } . Custom
739 Harik, & Wuest, Lifecycle Descriptive Conformance Tool: Product Horizontal Real-time Development 3
2020) Opt.
. Performanc - . . . Historical/ Mathematical
740 (Liao et al., 2019) e Opt. Prescriptive Time; Cost Machine/ Tool No Integration Batch Optimization 2
- . Mathematical
(Linlin  Li, Wang, . N Lo
Energy - Cost; B Historical/ Optimization;
741 Wang, & Tang, Cons. Opt. Prescriptive Sustainability Process Vertical Batch Evolutional 2
2019) .
Algorithm
(Lithoxoidou et al., Condition - Time; Cost; . . " Classification;
742 2020) Analysis Predictive Security Machine/ Tool No Integration Real-time Clustering 4
. Production h : Time; Cost; } Historical/ -
743 (Lolli et al., 2019) Planning Diagnostic Flexibility Reference Horizontal Batch Classification 2



No. Reference Function Maturity Objective Data Source Integration Frequency Method Cluster
(Long Wen, Gao, & Quality - . . Historical/ .
744 Li, 2017) Control Predictive Conformance Machine/ Tool No Integration Batch Deep Learning 1
. . Security/ . istori
745 (Longo, Nicoletti, & Risk Descriptive Security Process; No Integration Historical/ Custom 3
Padovano, 2019) Analysis Human Batch Development
Performanc - Cost, " Historical/ e
746 (M. Chen, 2019) Predictive Customer Customer No Integration Classification 6
e Opt. - N Batch
Satisfaction
(M. T. Nguyen, Process; Dimension
747 Truong, Tran, & Monitoring Descriptive Time; Cost . ' Vertical Real-time ; 3
! Environment Reduction
Chien, 2020)
Security/ Machine/ .
748 (M. Wu & Moon, Risk Predictive Cost; Security Tool; Process; End-to-End Historical/ Classification 3
2019) . Batch
Analysis ERP
Security/
749 (M. Wu, Song, & Risk Descriptive Security Reference No Integration Real-time Classification 3
Moon, 2019) Analysis
Security/ -
750 (M. Zhang et al, Risk Diagnostic Security Machine/ Tool No Integration Historical/ Custom 3
2019) - Batch Development
Analysis
(Maggipinto, Beghi, - . L
751 McLoone, & Susto, ADesllgn Predictive Time; Cost Ref_erence, No Integration H'Stonﬁa" Deep Learning 6
2019) nalysis Environment Batcl
Machine Classification;
(Malaca, Rocha, Quality Time; Cost; Tool; Dimension '
752 Gomes, Silva, & Predictive Conformance; Reference; No Integration Real-time o 4
y Control e . § Reduction; Deep
Veiga, 2019) Flexibility Environment; .
Learning
Human
. . i . s Classification;
753 (Martinek & Performanc Predictive Time; Cost; Mflmhlne/ No Integration Historical/ Deep Learning; 1
Krammer, 2019) e Opt. Conformance Tool; Process Batch .
Fuzzy Logic
(Martinez, Al- Quali
754 Hussein, & Ahmad, Contrtgl Diagnostic Cost Product No Integration Real-time Classification 1
2020)
(Martinez-Arellano, - . . e
755 Terrazas, CA(::;?IZ?: Predictive Confcc:;r)rsnté\nce Machine/ Tool No Integration ngt;tr(':ﬁav Dcézssij'::rt;?:' 1
Ratchev, 2019) Y P 9
Maintenanc Time; Cost; Mathematical
756 (Mi et al., 2020) e Planning Prescriptive Sec_urlty_;_ Machine/ Tool No Integration Real-time Optimization 2
Sustainability
(Miao, Hsieh, : . .
757 Segura, & Wang, Performanc Predictive Cost Pr_Od“Ct’ No Integration H|stor|(’:1all Regression 6
2019) e Opt. Environment Batc
(Mikel Canizo, L . Cost; . . Historical/ X
758 Conde, et al., 2019) Monitoring Predictive Conformance Machine/ Tool Horizontal Batch Deep Learning 6
(Mikel Canizo,
759 Triguero, Conde, & Monitoring Predictive Time Process No Integration Real-time Deep Learning 3
Onieva, 2019)
(Min, Lu, Liu, Su, & Performanc - N . . " -
760 Wang, 2019) e Opt. Prescriptive Time; Cost Machine/ Tool No Integration Real-time Classification 4
. . i Machine/ ) . Custom
761 (Mishra et al., 2020) Monitoring Predictive Conformance Tool: Process Vertical Real-time Development 3
Condition - ) . . Historical/ Classification;
762 (Moens et al., 2020) Analysis Predictive Time Machine/ Tool Horizontal Batch Deep Leaming 6
(Moreira, Li, Lu, & Quality - Machine/ . " Custom
763 Fitzpatrick, 2019) Control Predictive Conformance Tool: Product No Integration Real-time Development 1
(Mérth,
Emmanouilidis, Performanc o B Custom
764 Hafner, & Schadler, e Analysis Descriptive Cost Process End-to-End Real-time Development 3
2020)
(S’\;:prim?aliitriyani Time; Cost; Process: Classification;
765 Alfian. & Rhee. Monitoring Predictive Cu_stomgr Environment No Integration Real-time Custom 3
Satisfaction Development
2019)
(Muhammad,
Hussain, Del Ser, - . . . Historical/ .
766 Palade, 8 De Monitoring Predictive Cost Environment Vertical Batch Deep Learning 6
Albuquerque, 2019)
Mathematical
(Mumtaz et al, Production - — ’ Historical/ Optimization;
767 2019) Planning Prescriptive Time; Cost Process Horizontal Batch Swarm 2
Intelligence
768  (N.Lietal, 2020) Condition Predictive Time; Machine/ Tool No Integration Real-time Classification; 4
Analysis Conformance Regression
(Neupane & Seok, Defect . Time; Cost; . . Historical/ .
769 2020) Analysis Descriptive Security Machine/ Tool No Integration Batch Deep Learning 5
Classification;
Performanc - . " Historical/ Deep Learning;
770 (Ortego et al., 2020) e Analysis Predictive Time; Cost Process No Integration Batch Evolutional 6
Algorithm
(P. Fang, Yang, N o
771 Zheng, Zhong, & Monitoring Descriptive Conformance Process; ERP Horizontal Historical/ Probabilistic 3
" Batch Methods
Jiang, 2020)
(P. Li, Cheng, Dimension
772 Jiang, Monitoring Descriptive Cost Machine/ Tool No Integration Real-time Reduction; 3
Katchasuwanmane Custom
e, 2020) Development
(P. Liu, Zhang, Wu, Condition - — . . " Dimension
773 & Fu, 2020) Analysis Descriptive Time; Cost Machine/ Tool No Integration Real-time Reduction 4
Dimension
(P. Peng, Zhang, . >
774 Liu, Wang, & Defec_t Diagnostic Time; Cost M?Chme/ No Integration Real-time Reduc_tlon, 4
Analysis Tool; Process Evolutional

Zhang, 2019)

Algorithm



No. Reference Function Maturity Objective Data Source Integration Frequency Method Cluster
(P. Wang & Gao, Defect ) . . . . Historical/ )
775 2020) Analysis Diagnostic Time; Cost Machine/ Tool No Integration Batch Deep Learning 5
(Papananias,
McLeay, Mahfouf, & Quality - Cost; . i .
776 Kadirkamanathan, Control Predictive Conformance Process Horizontal Real-time Regression 1
2019)
(Papananias,
McLeay, Obajemu, . N . . Regression;
77 Mahfouf, & Quality Predictive Time; Product No Integration Historical/ Probabilistic 1
. Control Conformance Batch
Kadirkamanathan, Methods
2020)
(Para, Del Ser, X . .
778 Nebro, Zurutuza, & Monitoring Descriptive Cost Process; Vertical Historical/ Classification 3
Human Batch
Herrera, 2019)
(Penumuru, . . e
779 Muthuswamy, & ggr?tlll'tc))/I Predictive Conformance Reference No Integration ngg:':ﬁal/ C}I?aessiggesl;(:)c:]n, 1
Karumbu, 2019) 9
(Peres, Barata, ) L
780 Leitao, & Garcia, Quality Predictive Conformance Product No Integration Historicalf Classification 1
2019) Control Batch
Time: Cost: Mathematical
781 (Petrqylc, Miljkovic, Produc_non Prescriptive Flexibility; Process No Integration Historical/ Optimization; 2
& Joki¢, 2019) Planning P Batch Swarm
Sustainability "
Intelligence
(Pierezan,  Maidl,
Yamao, dos Santos Energy - Conformance; . . Historical/ Mathematical
782 Coelho, & Mariani, Cons. Opt. Descriptive Sustainability Machine/ Tool No Integration Batch Optimization 1
2019)
(Pittino, Pugd, Condition
783 Moldaschl, & Analysis Diagnostic Time; Cost Machine/ Tool No Integration Real-time Deep Learning 5
Hirschl, 2020) Y
. N . Process; . .
784 (zF(’)Ileg)lers et al, Pe‘ref%mtanc Predictive Sﬂggi’nigﬁitt'y Product; No Integration H|§;0trclf1all Deep Learning 6
pt. Environment
Process;
. Conformance; ! .
Quality - ! Product; Vertical; i I
785 (Proto et al., 2020) Control Predictive Cu_stom_er Customer: Horizontal Real-time Classification 1
Satisfaction
Human
(Q. Bi, Wang, Wu, Condition - Time; . . . Regression;
786 Zhu, & Ding, 2019) Analysis Predictive Conformance Machine/ Tool No Integration Real-time Fuzzy Logic 4
Security/ Classification;
787 (Q. Lietal., 2019) Risk Predictive Cost; Security Machine/ Tool No Integration Real-time Regression; 3
Analysis Clustering
(Q. Wang, Jiao, . N ) Machine/ Classification;
788 Wang, & Zhang, Quality Predictive Time; Cost; Tool; No Integration Real-time Dimension 4
Control Conformance . .
2020) Environment Reduction
(R. Hao, Lu, Cheng, Quality - " N Historical/ .
789 Li, & Huang, 2020) Control Predictive Conformance Machine/ Tool No Integration Batch Deep Learning 1
(Rahman, Production Time; Cost; Evolutional
790 Janardhanan, & Plannin Descriptive FIe)éibiIit ’ ERP Horizontal Real-time Algorithm; Swarm 3
Nielsen, 2019) 9 Y Intelligence
] Quality - Process; : Historical/ Mathematical
791 (Rato & Reis, 2020) Control Predictive Conformance Product Vertical Batch Optimization 1
Mathematical
Production - Time; Cost; . Historical/ Optimization;
792 (Rauf et al., 2020) Planning Prescriptive Flexibility Process Vertical Batch Evolutional 2
Algorithm
Time; Cost; . . . e
793 (Romeo et al, Performanc Predictive Conformance: Melxchlne/ No Integration Historical/ CIasmﬂca_uon, 1
2020) e Opt. . Tool; Product Batch Regression
Flexibility
Reinforcement
794 (Si%r:e?émﬁszﬁlmi & Performanc Prescriptive Time; Cost Process; No Integration Historical/ Leamning; 2
Finca}o 2020) ! e Opt. p ' Reference 9 Batch Mathematical
! Optimization
(Rossit, Tohmé, & Production L - Machine/ Vertical; " Multi-Agent
795 Frutos, 2019) Planning Prescriptive Flexibility Tool; Process Horizontal Real-time System 2
(Ruiz-Sarmiento et Condition - N . . Historical/ Probabilistic
796 al., 2020) Analysis Predictive Time; Cost Machine/ Tool No Integration Batch Methods 6
(S. Choi, Youm, & I - . Vertical; " Multi-Agent
797 Kang, 2019) Monitoring Descriptive Time Process Horizontal Real-time System 3
798  (S.Lietal., 2020) Defect Predictive Time; Cost Product No Integration Historical/ Classification; 6
Analysis Batch Deep Learning
. . Classification;
799 (S, Lin, He, & Sun, Quality Diagnostic Conformance Product No Integration Real-time Dimension 1
2019) Control ]
Reduction
Machine/
Energy - Cost; N o " Swarm
800 (S. Ma et al., 2020) Cons. Opt. Predictive Sustainability . Tool, End-to-End Real-time Intelligence 6
nvironment
(S. S.-D. Xu, Performanc Cost: Machine/ Swarm
801 Huang, Kung, & Lin, e Opt Prescriptive Flexibilyit Tool; Horizontal Real-time Intelligence; 2
2019) pL. Y Environment Fuzzy Logic
(S. W. Kim, Lee, Lo - . . Historical/ Classification;
802 Tama, & Lee, 2020) Monitoring Predictive Time; Cost Product No Integration Batch Regression 6
Classification;
. Security/ Regression;
803 (S.-T. Park, Li, & Risk Predictive Security Process Vertical Real-time Clustering; Deep 3
Hong, 2020) . e
Analysis Learning; Custom
Development
(Sacco, Radwan, Cost: Product: Historicall Classification;
804 Anderson, Harik, &  Quality Opt. Predictive Conformance Reference End-to-End Batch Dlmens_lon 1
Gregory, 2020) Reduction



No. Reference Function Maturity Objective Data Source Integration Frequency Method Cluster
Regression;
Dimension
(Said, ben Defect Time: Cost: Machine/ Reduction;
805 Abdellafou, & Analysis Predictive Seéurit ! Tool; No Integration Real-time Mathematical 4
Taouali, 2019) Y Yy Environment Optimization;
Custom
Development
806 (Salary et al., 2020) Monitoring Predictive Time Process Horizontal Real-time Classification 3
(Saucedo-
Dorantes, Delgado- Classification;
Prieto, Osornio- Defect . . N . . Historical/ " S
807 Rios, & de Jesus Analysis Diagnostic Time; Cost Machine/ Tool No Integration Batch Dimension 5
Reduction
Romero-Troncoso,
2020)
(Saul Langarica ) Probabilistic
808 Ruffelmacher, & Defec‘t Predictive Time; C,OSt' Machine/ Tool No Integration Real-time Methodls, 4
o Analysis Security Dimension
Nufiez, 2019) X
Reduction
(Scalabrini
Sampaio, Vallim B Conformance; . -
809 Filho, Santos da Malnten_anc Predictive Flexibility; Reference; End-to-End Historical/ Custom 6
" e Planning : ERP Batch Development
Silva, & Augusto da Security
Silva, 2019)
Condition - Time; Cost; . . Historical/ .
810 (Shen et al., 2020) Analysis Predictive Conformance Machine/ Tool No Integration Batch Regression 6
2 ) Cost;
(Stahl, Mathiason, . ! X . e
811 Falkman, Quality Predictive Conformance; Product No Integration Historicalf CIaSS|f|cat|c_)n, 1
Control Customer Batch Deep Learning
Karlsson, 2019) y N
Satisfaction
(Stoyanov, Ahsan,
Bailey, ) L Time; Cost; Machine/ ; Historical/ I
812 Wotherspoon, & Quiality Opt. Prescriptive Conformance Tool: Process Vertical Batch Classification 2
Hunt, 2019)
(Susto, Maggipinto, s Regression;
813 Zocco, & McLoone, Peg(gmtanc Prescriptive Time; Cost Process No Integration ngt;)tréiall Dimension 2
2019) pt. Reduction
. . . b Deep Learning;
814 (T. Yu, Huang, & Performanc Prescriptive Tlme,_ Qc_)st, Process; No Integration Historical/ Reinforcement 2
Chang, 2020) e Opt. Flexibility Human Batch Learning
(Tabernik, Sela, ) . . Machine/ I
815 Skvaré, & Skocaj, gg:t“rtgl Predictive Cznmfce;rrggsge Tool; No Integration Real-time Dcézssij'::rt;?:' 4
2020) Reference P 9
Mathematical
816 (Tan et al., 2019) Pmduc_nan Prescriptive Time; Cost Process; ERP Vertical Historical/ Opnmlz_atlon; 2
Planning Batch Evolutional
Algorithm
Defect Classification;
817 (Tang et al., 2020) Analysis Predictive Time; Cost Machine/ Tool No Integration Real-time Dimension 4
Y Reduction
(Unnikrishnan,
Donovan, Quality - . . . -
818 Macpherson, & Control Descriptive Conformance Environment No Integration Real-time Classification 1
Tormey, 2020)
(van Staden & Maintenanc - N Machine/ . Historical/ Mathematical
819 Boute, 2020) e Planning Prescriptive Time; Cost Tool; Process No Integration Batch Optimization 2
(Veeramani ) Probabilistic
820 Muthuswamy, Performanc Prescriptive C-cl;lr::‘fr’n?;:éé' Machine/ No Integration Real-time Re?f\?;lpge(‘riént 2
Sagar, & Zoppi, e Opt. p I Tool; Product 9 .
Flexibility Learning; Custom
2019)
Development
Time; Cost;
(Vukicevic et al., Quality - Conformance; . Historical/ Custom
821 2019) Control Descriptive Customer Product No Integration Batch Development 1
Satisfaction
Classification;
(W. Du, Kang, & Defect - — . . " Deep Learning;
822 Pecht, 2019) Analysis Predictive Time; Cost Machine/ Tool No Integration Real-time Custom 4
Development
) . Classification;
(W. Han, Tian, Shi, T - Product; . " S
823 Huang, & Li, 2019) Monitoring Predictive Cost Environment No Integration Real-time Regressmn, Deep 6
Learning
Classification;
(W. J. Lee, Mendis, Pﬁ?g}%l&im
824 Triebe, & Monitoring Predictive Conformance Machine/ Tool No Integration Real-time S 4
Sutherland, 2020) Clustering;
’ Dimension
Reduction
(W. Jiang et al., Condition - Time; Cost; . . Historical/ Regression; Deep
825 2020) Analysis Predictive Security Machine/ Tool No Integration Batch Learning 6
A Security/ -
826 (W. Li, Xie, & Wang, Risk Descriptive Security Machine/ Tool No Integration Historicalf Classification 3
2018) Analysis Batch
(W. Liu, Kong, Niu, Custom
827  Jiang, & Zhou, Monitoring Descriptive Conformance Process Vertical Real-time Devel 3
2020) evelopment
Classification;
Regression;
(W. Luo, Hu, Ye, . . on;
828 Zhang, & Wei, CAom?mqn Predictive Conformgnce, Machine/ Tool No Integration Real-time Mat_he_mat_lca! 4
2020) nalysis Security Opgmlfatlon,
ustom

Development



No. Reference Function Maturity Objective Data Source Integration Frequency Method Cluster
. Yu, Dillon, Defect
829 Mostafa, Rahayu, & Analysis Predictive Time; Cost Process No Integration Real-time Clustering 6
Liu, 2019) Y
W.  Zhu, Ma, N § -
830 Benton, Romagnoli, A[r)gl;;ts Diagnostic T'g‘:éu%(t);t‘ Machine/ Tool No Integration ngt;)t:':ﬁa" Deep Learning 5
& Zhan, 2019)
(X. Fang et al., Energy . . . . . Historical/ Custom
831 2019) Cons. Opt. Diagnostic Time Machine/ Tool No Integration Batch Development 5
Security/ Classification;
" . - Security; . . Historical/ Probabilistic
832 (X. Jiaetal., 2019) Aanlsl;is Prescriptive Sustainability Environment No Integration Batch Methods; Deep 3
Y Learning
(X. Jin, Fan, & Defect . Time; Cost; . . Historical/ Custom
833 Chow, 2018) Analysis Predictive Flexibility Machine/ Tool No Integration Batch Development 6
Probabilistic
(X. Jin, Que, Sun, Defect - N . . Historical/ Methods;
834 Guo, & Qiao, 2019) Analysis Predictive Time; Cost Machine/ Tool No Integration Batch Mathematical 6
Optimization
(X. Wu, Tian, & Production . Time; Cost; . i Custom
835 Zhang, 2019) Planning Prescriptive Flexibility Process Vertical Real-time Development 2
Security/ Time; Cost; Historical/ Classification;
836 (X. Yan et al., 2020) Risk Predictive e Machine/ Tool No Integration h S 3
Analysis Security Batcl Regression
(Xiaoyu Zhang, Security/ Historicall
837 Chen, Liu, & Xiang, Risk Prescriptive Security Customer No Integration Batch Deep Learning 3
2019) Analysis
(Xinghua Li, Xu, Security/ - e
838 Vijayakumar, Risk Prescriptive Security Machine/ Tool No Integration ngt;t';ﬁall Dcézssij'::rt;?:' 3
Kumar, & Liu, 2020)  Analysis P 9
(Xingwei Xu, Tao, Condition Time; Cost; Historical/
839 Ming, An, & Chen, Analysis Diagnostic Conformance; Machine/ Tool No Integration Batch Deep Learning 1
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Appendix B — Taxonomy Building Iterations

Iteration I. For our first iteration, we identified preliminary publications (cf. Section 2.5), which aim at a holistic view,
but primarily for specific questions or areas (e.g., business potentials or ML) (Bang et al., 2019; Bordeleau et al.,
2018; Y. Cheng, K. Chen, et al., 2018; Diez-Olivan et al., 2019; Fay & Kazantsev, 2018; Golzer et al., 2015; Golzer
& Fritzsche, 2017; O'Donovan et al., 2015; Sharp et al., 2018; X. Y. Xu & Hua, 2017). We used this knowledge to
employ categorization schemes to derive an initial set of dimensions and characteristics.

Iteration Il. In the second iteration, we focused on domain-specific preliminary publications (cf. again Section 2.5).
The prerequisite for the analysis is that the respective authors prepared their data in a taxonomic or categorical
fashion. We identified 16 relevant contributions (Baum et al., 2018; Bousdekis, Magoutas, Mentzas, et al., 2015;
Calis & Bulkan, 2015; Cardin et al., 2017; Cerrada et al., 2018; Khan & Yairi, 2018; D.-H. Kim et al., 2018; G. Y.
Lee et al.,, 2018; J. Lee, Wu, et al., 2014, Priore et al., 2014; M. S. Reis & Gins, 2017; Y. Xu et al., 2017; Zarandi,
Asl, Sotudian, & Castillo, 2018a; G. Zhao et al., 2016; Y. Zhou & Xue, 2018; Zschech, 2018). We extracted our
categorization from each related work and compared it with the taxonomy from the first iteration. Based on this, we
added, divided, or merged dimensions and characteristics.

Iteration Ill. Due to the extensive structuring of the provisional taxonomy, in this iteration we decided to switch to
an empirical-to-conceptual approach. We identified a total of 633 articles, which consider the use of BA within a
specific smart manufacturing application case (cf. Section 4.1). We ensured possible modifications of the taxonomy
and a possible post-validation by splitting the data. With a random share of 30 % (n=189) of the search results for
each group, we were confirmed or even supplemented dimensions and characteristics.

Iteration IV. In the fourth iteration, we again selected a random share of 30 % (n=189) of the search results from
the remaining 446 objects. Again, the objective was the validation or extension of dimensions and characteristics
using the empirical-to-conceptual approach. However, the result revealed that no further modification was
necessary. All closing conditions were satisfied, and we considered the development of the initial taxonomy
complete.

Iteration V. To reconfirm our taxonomy’s general structure with new research identified in our second literature
survey, we decided to perform another conceptual-to-empirical approach. We identified seven further survey papers
that prepared their results in a taxonomic or categorical fashion. None take a holistic approach (see Iteration I), they
are all domain-specific (see Iteration Il). Taking this into account, the articles did not discuss a domain, which was

not yet included in our initial taxonomy. Most authors address industrial maintenance, mostly focusing on surveying



analytics techniques (W. Zhang et al., 2019) others additionally take integration, data (Dalzochio et al., 2020) or
specific maintenance functions into account (Zonta et al., 2020). H. Ding et al. (2020) employ artificial intelligence
algorithms as a starting point and map these to specific use cases in maintenance and quality control. Finally,
Cadavid et al. (2020) focus on production planning, but also include functions such as maintenance and product
design. As the research is domain-specific, it partly addresses dimensions and characteristics on a lower granularity
level. Our current taxonomy addresses these on a higher level with regard to the ending conditions (EC2.1) concise
and (EC2.3) comprehensive, we did not alter the initial taxonomy.

Iteration VI. As we identified more objects on our second survey, ending condition (EC1.1) was not met anymore.
Hence, we switched to an empirical-to-conceptual approach, following our procedure in the third and fourth iteration.
We analyzed the 232 objects, by mapping them according to our current taxonomy. The results revealed that no
further dimensions or characteristics were identifiable and all ending conditions were satisfied, as the research team
was able to tag all objects successfully according to the existing dimensions and characteristics. In conclusion, the

second literature search confirmed our initial taxonomy.



Appendix C — Analysis of Temporal Variations and Trends

C.1 Temporal Variations per Dimension
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.2 Temporal Variations per Archetype
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