Table S1: Overview of studies from the systematic literature review mapped to key evaluation criteria. Each study is classified according to key aspects of our review framework: temporal data type, synthesis technique, utility evaluation methods, privacy assessment category, and data modality. Privacy category reflects the strongest evidence reported (Formal > Empirical > Design-based > None). ‘None’ = no technical mechanism and no empirical privacy test; governance/de-identification statements alone were not counted. Studies labeled ‘None’ met inclusion via utility evaluation.
	Authors
	Temporal Data Type
	Synthesis Technique
	Utility Evaluation
	Privacy Category[footnoteRef:1] [1:  “None” under privacy mechanism denotes studies that did not implement a formal or technical privacy-preserving method. These studies were still included if they provided at least a utility evaluation, consistent with the inclusion criteria requiring either utility and/or privacy assessment.] 

	Data Modality

	You et al. (1)
	C-R, E
	GAN
	Clinical Realism, Descriptive Statistics, Predictive Performance, Qualitative Evaluation
	None
	Physiological Signals

	Deltadahl et al. (2)
	C-IR
	AE
	Clinical Realism, Descriptive Statistics, Inferential Utility, Predictive Performance
	None
	Medical Imaging and Video

	Darvish and Kist (3)
	C-R
	Bayesian Networks
	Clinical Realism, Descriptive Statistics, Qualitative Evaluation
	None
	Medical Imaging and Video

	Mosquera et al. (4)
	E
	Autoregressive and Sequence Modeling Frameworks
	Descriptive Statistics, Inferential Utility, Qualitative Evaluation
	Empirical Privacy Evaluation
	Electronic Health Records (EHRs)

	Cao et al.(5)
	C-R
	Autoregressive and Sequence Modeling Frameworks
	Descriptive Statistics, Inferential Utility, Predictive Performance
	None
	Physiological Signals

	Boukhennoufa et al. (6)
	C-R, C-IR
	Autoregressive and Sequence Modeling Frameworks
	Clinical Realism, Descriptive Statistics, Predictive Performance, Qualitative Evaluation
	None
	Physiological Signals

	Wang et al. (7)
	C-R
	GAN
	Clinical Realism, Descriptive Statistics, Inferential Utility, Predictive Performance, Qualitative Evaluation
	None
	Physiological Signals, Medical Imaging and Video

	Asadi et al. (8)
	C-R
	Simulation-Informed and Hybrid Models
	Clinical Realism, Descriptive Statistics, Inferential Utility, Predictive Performance, Qualitative Evaluation
	None
	Medical Imaging and Video

	Li et al. (9)
	C-R
	Simulation-Informed and Hybrid Models
	Descriptive Statistics, Predictive Performance, Qualitative Evaluation
	None
	Physiological Signals

	Hao et al. (10)
	C-R
	GAN
	Clinical Realism, Descriptive Statistics, Predictive Performance, Qualitative Evaluation
	None
	Physiological Signals

	Kuo et al. (11)
	E
	GAN
	Descriptive Statistics, Inferential Utility, Qualitative Evaluation
	None
	Clinical Trials and Cohort Studies

	Nikolaidis et al. (12)
	C-R
	GAN
	Descriptive Statistics, Predictive Performance, Qualitative Evaluation
	None
	Physiological Signals

	Sood et al. (13)
	C-IR, E
	GAN
	Descriptive Statistics, Inferential Utility, Predictive Performance, Qualitative Evaluation
	None
	Clinical Trials and Cohort Studies

	Che et al. (14)
	E
	GAN
	Descriptive Statistics, Inferential Utility, Predictive Performance, Qualitative Evaluation
	None
	Clinical Trials and Cohort Studies

	Li et al. (15)
	C-R
	Simulation-Informed and Hybrid Models
	Descriptive Statistics, Inferential Utility, Predictive Performance, Qualitative Evaluation
	None
	Physiological Signals, Medical Imaging and Video

	Pang et al. (16)
	E
	Autoregressive and Sequence Modeling Frameworks
	Descriptive Statistics, Predictive Performance
	Empirical Privacy Evaluation
	Electronic Health Records (EHRs)

	Sun et al. (17)
	E
	Autoregressive and Sequence Modeling Frameworks
	Descriptive Statistics, Predictive Performance
	Empirical Privacy Evaluation
	Electronic Health Records (EHRs)

	Bing et al. (18)
	E
	AE
	Descriptive Statistics, Predictive Performance
	Empirical Privacy Evaluation
	Electronic Health Records (EHRs)

	Theodorou et al. (19)
	E
	Autoregressive and Sequence Modeling Frameworks
	Clinical Realism, Descriptive Statistics, Predictive Performance
	None
	Electronic Health Records (EHRs)

	Wang et al. (20)
	C-R
	GAN
	Clinical Realism, Descriptive Statistics, Inferential Utility, Predictive Performance, Qualitative Evaluation
	None
	Electronic Health Records (EHRs)

	Liu et al. (21)
	C-R, E
	Autoregressive and Sequence Modeling Frameworks
	Descriptive Statistics, Inferential Utility, Predictive Performance
	None
	Physiological Signals, Electronic Health Records (EHRs)

	Kallidromitis et al. (22)
	C-R
	Autoregressive and Sequence Modeling Frameworks
	Descriptive Statistics, Inferential Utility, Predictive Performance
	None
	Physiological Signals, Medical Imaging and Video, Clinical Trials and Cohort Studies

	Torfi and Fox (23)
	C-R, C-IR, E
	GAN
	Clinical Realism, Descriptive Statistics, Inferential Utility, Predictive Performance, Qualitative Evaluation
	Empirical Privacy Evaluation
	Electronic Health Records (EHRs)

	Choi and Kim (24)
	C-IR
	Autoencoder
	Predictive Performance
	None
	Clinical Trials and Cohort Studies

	Haleem et al. (25)
	C-R, C-IR, E
	Simulation-Informed and Hybrid Models
	Clinical Realism, Descriptive Statistics, Inferential Utility, Predictive Performance
	None
	Medical Imaging and Video

	Kim et al. (26)
	C-IR, E
	GAN
	Clinical Realism, Descriptive Statistics, Predictive Performance, Qualitative Evaluation
	None
	Electronic Health Records (EHRs)

	Torfi et al. (27)
	C-R, C-IR, E
	GAN
	Descriptive Statistics, Predictive Performance
	Formal Privacy Guarantees
	Physiological Signals, Medical Imaging and Video, Electronic Health Records (EHRs)

	Alcatraz and Strodthoff (28)
	C-R
	Diffusion and Score-Based Methods
	Clinical Realism, Descriptive Statistics, Predictive Performance, Qualitative Evaluation
	None
	Physiological Signals

	Kaisti et al. (29)
	C-R
	Simulation-Informed and Hybrid Models
	Clinical Realism, Descriptive Statistics, Predictive Performance, Qualitative Evaluation
	None
	Physiological Signals

	Habiba et al. (30)
	C-R
	GAN
	Clinical Realism, Descriptive Statistics, Predictive Performance, Qualitative Evaluation
	None
	Physiological Signals

	Yoon et al. (31)
	E
	GAN
	Clinical Realism, Descriptive Statistics, Inferential Utility, Predictive Performance, Qualitative Evaluation
	Empirical Privacy Evaluation
	Electronic Health Records (EHRs)

	Alawneh et al. (32)
	C-R
	Autoregressive and Sequence Modeling Frameworks
	Descriptive Statistics, Inferential Utility, Predictive Performance
	None
	Physiological Signals

	Biswal et al. (33)
	E
	AE
	Clinical Realism, Descriptive Statistics, Predictive Performance, Qualitative Evaluation
	Empirical Privacy Evaluation
	Electronic Health Records (EHRs)

	Tarek et al. (34)
	E
	Autoencoder
	Clinical Realism, Descriptive Statistics, Predictive Performance
	None
	Electronic Health Records (EHRs)

	Eyobu and Han (35)
	C-IR
	Autoencoder
	Descriptive Statistics, Predictive Performance
	None
	Electronic Health Records (EHRs)

	Dissanayake et al. (36)
	C-R, E
	GAN
	Clinical Realism, Descriptive Statistics, Predictive Performance, Qualitative Evaluation
	None
	Physiological Signals

	Zhou and Barbieri (37)
	C-R
	Simulation-Informed and Hybrid Models
	Clinical Realism, Descriptive Statistics, Predictive Performance, Qualitative Evaluation
	Empirical Privacy Evaluation
	Electronic Health Records (EHRs)

	Wulan et al. (38)
	C-R
	GAN
	Clinical Realism, Descriptive Statistics, Predictive Performance, Qualitative Evaluation
	None
	Physiological Signals

	Shi et al. (39)
	E
	GAN
	Descriptive Statistics, Inferential Utility, Predictive Performance, Qualitative Evaluation
	Empirical Privacy Evaluation
	Electronic Health Records (EHRs)

	Seyfi et al. (40)
	C-R
	GAN
	Clinical Realism, Descriptive Statistics, Predictive Performance, Qualitative Evaluation
	None
	Physiological Signals

	Hoorn et al. (41)
	C-R, C-IR
	GAN
	Clinical Realism, Descriptive Statistics, Predictive Performance, Qualitative Evaluation
	Design-Based Safeguards
	Electronic Health Records (EHRs)

	Vetter et al. (42)
	C-R
	GAN
	Clinical Realism, Descriptive Statistics, Predictive Performance, Qualitative Evaluation
	None
	Physiological Signals

	Lee et al. (43)
	E
	Simulation-Informed and Hybrid Models
	Clinical Realism, Descriptive Statistics, Predictive Performance, Qualitative Evaluation
	Formal Privacy Guarantees
	Electronic Health Records (EHRs)

	Kuo et al. (44)
	E
	GAN
	Clinical Realism, Descriptive Statistics, Inferential Utility, Predictive Performance, Qualitative Evaluation
	Empirical Privacy Evaluation
	Physiological Signals

	Lange et al. (45)
	C-R
	GAN
	Clinical Realism, Descriptive Statistics, Predictive Performance, Qualitative Evaluation
	Formal Privacy Guarantees
	Medical Imaging and Video

	Li et al. (46)
	C-R
	Simulation-Informed and Hybrid Models
	Clinical Realism, Descriptive Statistics, Predictive Performance, Qualitative Evaluation
	Formal Privacy Guarantees
	Electronic Health Records (EHRs)

	Wendland et al. (47)
	C-IR
	Autoencoder
	Clinical Realism, Descriptive Statistics, Predictive Performance, Qualitative Evaluation
	None
	Clinical Trials and Cohort Studies

	Gall et al. (48)
	C-R
	Simulation-Informed and Hybrid Models
	Clinical Realism, Descriptive Statistics
	Empirical Privacy Evaluation
	Physiological Signals

	Linial et al. (49)
	C-R
	Simulation-Informed and Hybrid Models
	Descriptive Statistics, Predictive Performance
	None
	Medical Imaging and Video

	Zhu et al. (50)
	C-R
	GAN
	Descriptive Statistics, Predictive Performance, Qualitative Evaluation
	None
	Physiological Signals

	Brouwer et al. (51)
	C-IR, E
	Simulation-Informed and Hybrid Models
	Descriptive Statistics, Predictive Performance
	None
	Electronic Health Records (EHRs)

	Ghosheh et al. (52)
	C-R, C-IR
	Simulation-Informed and Hybrid Models
	Clinical Realism, Descriptive Statistics, Inferential Utility, Predictive Performance
	None
	Electronic Health Records (EHRs)

	Lee et al. (53)
	E
	Simulation-Informed and Hybrid Models
	Descriptive Statistics, Inferential Utility, Predictive Performance, Qualitative Evaluation
	None
	Physiological Signals

	Fallahzadeh et al. (54)
	E
	GAN
	Clinical Realism, Descriptive Statistics, Predictive Performance, Qualitative Evaluation
	None
	Electronic Health Records (EHRs)

	Alt et al. (55)
	C-IR
	Bayesian Networks, Time-series (ARIMA, ‚Ä¶)
	Descriptive Statistics, Inferential Utility
	None
	Clinical Trials and Cohort Studies

	Zhang et al. (56)
	E
	Simulation-Informed and Hybrid Models
	Descriptive Statistics, Predictive Performance
	Empirical Privacy Evaluation
	Electronic Health Records (EHRs)

	Ramchandran et al. (57)
	C-R, C-IR
	AE
	Descriptive Statistics, Predictive Performance, Qualitative Evaluation
	None
	Clinical Trials and Cohort Studies

	Schulz et al. (58)
	E
	Bayesian Networks
	Clinical Realism, Descriptive Statistics, Inferential Utility, Qualitative Evaluation
	None
	Clinical Trials and Cohort Studies

	Ramchandran et al. (59)
	C-R, C-IR
	AE
	Descriptive Statistics
	None
	Electronic Health Records (EHRs)

	Fischer et al. (60)
	C-IR
	Autoencoder
	Descriptive Statistics
	None
	Clinical Trials and Cohort Studies

	Zhong et al. (61)
	C-R
	Diffusion and Score-Based Models
	Clinical Realism, Descriptive Statistics, Predictive Performance, Qualitative Evaluation
	None
	Electronic Health Records (EHRs)

	Wickstrøm et al. (62)
	C-R
	Diffusion and Score-Based Methods
	Predictive Performance
	None
	Physiological Signals

	Poyraz and Marttinen (63)
	C-IR
	Autoencoder
	Descriptive Statistics, Inferential Utility, Predictive Performance
	None
	Clinical Trials and Cohort Studies

	Ceritli et al. (64)
	C-R, C-IR
	Bayesian Networks
	Descriptive Statistics, Predictive Performance
	None
	Medical Imaging and Video, Electronic Health Records (EHRs)

	Silva and Matos (65)
	C-R
	Bayesian Networks
	Descriptive Statistics, Predictive Performance
	None
	Electronic Health Records (EHRs)

	Lu et al. (66)
	E
	GAN
	Clinical Realism, Descriptive Statistics, Predictive Performance, Qualitative Evaluation
	None
	Electronic Health Records (EHRs)

	Moazemi et al. (67)
	C-R, C-IR, E
	Simulation-Informed and Hybrid Models
	Descriptive Statistics, Predictive Performance
	Empirical Privacy Evaluation
	Medical Imaging and Video, Clinical Trials and Cohort Studies

	Kiyasseh et al. (68)
	C-R
	GAN
	Clinical Realism, Descriptive Statistics, Predictive Performance, Qualitative Evaluation
	None
	Physiological Signals

	Li et al. (69)
	C-R
	Simulation-Informed and Hybrid Models
	Clinical Realism, Descriptive Statistics, Predictive Performance, Qualitative Evaluation
	None
	Medical Imaging and Video, Electronic Health Records (EHRs)

	Wang and Sun (70)
	C-R
	GAN
	Descriptive Statistics, Predictive Performance, Qualitative Evaluation
	Empirical Privacy Evaluation
	Electronic Health Records (EHRs)

	Ashrafi et al. (71)
	C-R
	GAN
	Clinical Realism, Descriptive Statistics, Inferential Utility, Predictive Performance, Qualitative Evaluation
	Empirical Privacy Evaluation
	Medical Imaging and Video

	Yadav et al. (72)
	C-R
	GAN
	Descriptive Statistics, Inferential Utility, Predictive Performance, Qualitative Evaluation
	None
	Physiological Signals

	Yu et al. (73)
	E
	GAN
	Predictive Performance
	None
	Electronic Health Records (EHRs)

	Hyland et al. (74)
	C-R
	GAN
	Descriptive Statistics, Predictive Performance, Qualitative Evaluation
	Formal Privacy Guarantees
	Electronic Health Records (EHRs)

	Sood et al. (75)
	C-IR, E
	GAN
	Clinical Realism, Descriptive Statistics, Inferential Utility, Predictive Performance, Qualitative Evaluation
	None
	Clinical Trials and Cohort Studies

	Tian et al. (76)
	C-R, E
	Diffusion and Score-Based Models
	Descriptive Statistics, Predictive Performance, Qualitative Evaluation
	Empirical Privacy Evaluation
	Electronic Health Records (EHRs)

	Afrin et al. (77)
	C-R
	Other
	Clinical Realism, Descriptive Statistics, Predictive Performance, Qualitative Evaluation
	None
	Physiological Signals

	Sørensen et al. (78)
	C-R
	Other
	Clinical Realism, Descriptive Statistics, Predictive Performance, Qualitative Evaluation
	None
	Medical Imaging and Video

	Hsieh et al. (79)
	E
	Other
	Descriptive Statistics, Inferential Utility, Predictive Performance
	None
	Physiological Signals

	Ming et al. (80)
	C-R
	Other
	Clinical Realism, Descriptive Statistics, Predictive Performance, Qualitative Evaluation
	None
	Medical Imaging and Video

	Norcliffe et al. (81)
	C-R
	GAN
	Clinical Realism, Descriptive Statistics, Inferential Utility, Predictive Performance
	None
	Electronic Health Records (EHRs), Clinical Trials and Cohort Studies

	Hazra and Byun (82)
	C-R, E
	Other
	Clinical Realism, Descriptive Statistics, Qualitative Evaluation
	None
	Physiological Signals, Medical Imaging and Video

	Dahmen and Cook (83)
	E
	Other
	Clinical Realism, Descriptive Statistics, Qualitative Evaluation
	None
	Medical Imaging and Video

	Zhang et al. (84)
	E
	Simulation-Informed and Hybrid Models
	Descriptive Statistics, Inferential Utility, Predictive Performance, Qualitative Evaluation
	Empirical Privacy Evaluation
	Electronic Health Records (EHRs)

	Walonoski et al. (85)
	E
	Other
	Clinical Realism, Descriptive Statistics, Qualitative Evaluation
	None
	Electronic Health Records (EHRs)

	Brophy et al. (86)
	C-R
	Other
	Descriptive Statistics, Predictive Performance, Qualitative Evaluation
	Formal Privacy Guarantees
	Physiological Signals

	Delaney et al. (87)
	C-R
	GAN
	Descriptive Statistics, Predictive Performance, Qualitative Evaluation
	Empirical Privacy Evaluation
	Physiological Signals

	Theodorou et al. (88)
	E
	Autoregressive and Sequence Modeling Frameworks
	Clinical Realism, Descriptive Statistics, Predictive Performance
	None
	Electronic Health Records (EHRs)

	Theodorou et al. (89)
	E
	Autoregressive and Sequence Modeling Frameworks
	Clinical Realism, Descriptive Statistics, Predictive Performance
	Empirical Privacy Evaluation
	Electronic Health Records (EHRs)

	[bookmark: _Hlk204167018]Zhong et al. (90)
	C-R
	Diffusion and Score-Based Models
	Descriptive Statistics, Predictive Performance
	Empirical Privacy Evaluation
	Electronic Health Records (EHRs), Clinical Trials and Cohort Studies

	Foomani et al. (91)
	C-IR
	GAN
	Descriptive Statistics, Predictive Performance, Qualitative Evaluation
	None
	Electronic Health Records (EHRs)

	Kühnel et al. (92)
	C-IR
	Simulation-Informed and Hybrid Models
	Clinical Realism, Descriptive Statistics, Inferential Utility, Predictive Performance, Qualitative Evaluation
	None
	Medical Imaging and Video

	Nikolentzos et al. (93)
	E
	AE
	Clinical Realism, Descriptive Statistics, Inferential Utility, Predictive Performance, Qualitative Evaluation
	Empirical Privacy Evaluation
	Electronic Health Records (EHRs)

	Kulyabin et al. (94)
	C-R
	GAN
	Clinical Realism, Descriptive Statistics, Predictive Performance, Qualitative Evaluation
	None
	Medical Imaging and Video

	Dash et al. (95)
	E
	GAN
	Clinical Realism, Descriptive Statistics, Qualitative Evaluation
	None
	Electronic Health Records (EHRs)

	Kuo et al. (96)
	E
	GAN
	Clinical Realism, Descriptive Statistics, Inferential Utility, Qualitative Evaluation
	Empirical Privacy Evaluation
	Electronic Health Records (EHRs)

	Larrea et al. (97)
	C-IR
	Other
	Clinical Realism, Descriptive Statistics, Qualitative Evaluation
	None
	Physiological Signals

	Hashemi et al. (98)
	E
	GAN
	Descriptive Statistics, Predictive Performance, Qualitative Evaluation
	Design-Based Safeguards
	Electronic Health Records (EHRs)

	Dubey et al. (99)
	E
	Other
	Descriptive Statistics, Predictive Performance
	None
	Electronic Health Records (EHRs)

	Lee et al. (100)
	E
	Simulation-Informed and Hybrid Models
	Predictive Performance
	None
	Medical Imaging and Video

	Chang et al. (101)
	C-R
	Other
	Clinical Realism, Predictive Performance
	None
	Physiological Signals, Medical Imaging and Video, Electronic Health Records (EHRs)

	Qian et al. (102)
	C-R
	Diffusion and Score-Based Models
	Clinical Realism, Descriptive Statistics, Predictive Performance, Qualitative Evaluation
	None
	Physiological Signals, Medical Imaging and Video

	Song et al. (103)
	E
	Bayesian Networks
	Descriptive Statistics, Predictive Performance
	None
	Electronic Health Records (EHRs)

	Gao et al. (104)
	E
	Simulation-Informed and Hybrid Models
	Descriptive Statistics, Predictive Performance
	Empirical Privacy Evaluation
	Clinical Trials and Cohort Studies

	Yalavarthi et al. (105)
	C-R, C-IR, E
	Other
	Descriptive Statistics, Inferential Utility, Predictive Performance
	None
	Medical Imaging and Video, Electronic Health Records (EHRs)

	Yang et al. (106)
	C-R, E
	AE
	Clinical Realism, Descriptive Statistics, Predictive Performance, Qualitative Evaluation
	None
	Physiological Signals

	Li et al. (107)
	C-R
	Simulation-Informed and Hybrid Models
	Clinical Realism, Descriptive Statistics, Predictive Performance, Qualitative Evaluation
	None
	Physiological Signals, Medical Imaging and Video

	Li et al. (108)
	C-R
	Simulation-Informed and Hybrid Models
	Clinical Realism, Descriptive Statistics, Predictive Performance, Qualitative Evaluation
	None
	Physiological Signals, Medical Imaging and Video

	Wang et al. (109)
	C-R
	GAN
	Clinical Realism, Descriptive Statistics, Predictive Performance, Qualitative Evaluation
	Empirical Privacy Evaluation
	Clinical Trials and Cohort Studies

	Das et al. (110)
	E
	Simulation-Informed and Hybrid Models
	Clinical Realism, Descriptive Statistics, Predictive Performance
	Empirical Privacy Evaluation
	Clinical Trials and Cohort Studies

	Li et al. (111)
	C-R
	Simulation-Informed and Hybrid Models
	Descriptive Statistics, Predictive Performance
	None
	Physiological Signals, Medical Imaging and Video, Electronic Health Records (EHRs)

	Wang et al. (112)
	C-R
	GAN
	Clinical Realism, Descriptive Statistics, Qualitative Evaluation
	None
	Electronic Health Records (EHRs)

	Moore et al. (113)
	C-R
	Other
	Clinical Realism, Descriptive Statistics, Inferential Utility, Predictive Performance, Qualitative Evaluation
	None
	Physiological Signals, Electronic Health Records (EHRs), Clinical Trials and Cohort Studies

	Gootjes-Dreesbach et al. (114)
	C-IR
	Simulation-Informed and Hybrid Models
	Clinical Realism, Descriptive Statistics, Inferential Utility, Qualitative Evaluation
	Formal Privacy Guarantees
	Clinical Trials and Cohort Studies

	Arabi et al. (115)
	C-R
	Other
	Descriptive Statistics, Predictive Performance
	None
	Electronic Health Records (EHRs)
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