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A digital twin (DT) Is a virtual representation of an object, process, or system that spans its lifecycle and is composed
of (1) physical space, (2) virtual space, and the (3) real-time data flow between the spaces.! ?

DTs are increasingly integrated with artificial intelligence (Al) and/ or

machine learning (ML).3-°* DTs can enable Al/ML development and
Information evaluation in virtual environments.’”® Prior reviews mostly examine
wrores: \ AlI/ML characteristics (e.g., tasks, algorithms, modeling approaches).1
Note. Image from 1 1 However, less is known about how DTs support Al/ML training,

- - . testing, updating, and adaptation.
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1.

What purposes motivate DT-AI/ML integration,
and at what lifecycle stages are those systems
Implemented?

. What are the roles DTs play in supporting

Al/ML development and evaluation?

. How Is the AI/ML component incorporated,

trained, and updated within DT-AI/ML
systems?

. What evidence is provided for physical-virtual

connection and adaptive behavior in DT-AI/ML
systems?

. What evidence iIs provided for human

iInvolvement, and what benefits are reported
for DT-AI/ML systems?

RQ1. Reported purposes and lifecycle stages

Reported Purpose Lifecycle Stage

Design  Production Operation Maintenance

Prediction (n = 50) 4 (8.0%) 9(18.0%) 41 (82.0%) 24 (48.0%)
Optimization (n =34) 3 (8.8%) 8 (23.5%) 29 (85.3%) 7 (20.6%)

Control (n = 22) 1 (4.5%) 5(22.7%) 21 (95.5%) 5 (22.7%)
Training (n = 12) 1 (8.3%) 2 (16.7%) 11 (91.7%) 3 (25.0%)
Detection (n = 10) — 2 (20.0%) 8 (80.0%) 6 (60.0%)
Diagnosis (n = 5) — — 3(60.0%) 5 (100.00%)
Classification (n=3) 1 (33.3%) — 1 (33.3%) 2 (66.7%)

Key findings: Prediction and Optimization are the most
common purposes and applications are strongly
concentrated in the Operation stage.

RQ2. Roles of DT supporting Al/ML
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RQ3. AI/ML Incorporation, training, and model updating

 Initial model development primarily offline: 60 studies

(69%).

« Subseguent model updating not demonstrated: 38
studies (43.7%).

* AI/ML was incorporated during DT development in
only: 9 studies 10.3%.

* Hybrid initial most often led to continuous updating:
7111 (63.6%).

RQA4. Physical-virtual connection and adaptive behavior

ction

DT-AI/ML conne

- Only 2 studies (5.3%)
Physical-to-virtual 18 (20.7%)

_H continuous, bidirectional

0

adequately demonstrated
live co-evolution (i.e.,

feedback loop).
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RQ5. Human involvement and reported benefits
 Human involvement was reported in 22 studies (25.3%)

* Most common roles: decision making,
monitoring/oversight, and setup/tuning.

* Main benefits: optimization/decision support,
prediction/forecasting, fault or anomaly
detection/diagnosis, and cost/time/resource reduction.
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