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Figure 1 Model construction workflow. Patients diagnosed with acne were first stratified into three treatment groups: intense pulsed light, chemical
peeling, and combination therapy. Facial photographs were acquired under standardized lighting conditions. Paired pre- and posttreatment acne lesion
images were then cropped and coregistered. The paired images were subsequently split into training and validation sets at an 8:2 ratio. Within the
CycleGAN framework, generator G_AB translates pretreatment images into simulated posttreatment states, whereas G_BA performs the reverse
transformation; discriminators D_A and D_B concurrently assess the authenticity of the generated images
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Figure 2 Loss curves of the three treatment methods over 600 epochs

4

IR, 53R ER, PR A SSIMA Y ik 5¢
%‘%ILEEE Horb bk 2H 1Y SSIMAR % 155 (99.87%), IPL

TRITLHIR Z.(99.85%), TMIPL+HL2F3 RBEA 167 410
SSIM{EIH%1EE(99 84%), (H=AIAZF G255

X—4ERER, GANBLHLf bﬂzmrgﬁaﬁim;wmﬂm
7 7 SO B BN e, A MR AR 52 R . X ERE
%ﬂ%ﬁ%ﬁi 5 HSGRY7 E FUS LT EE X5y, BA

TRIT LAY SSIMAE RS I v] fE 5 H o & 2 IR T7 IV A

K, (HAARA AR =K, LRSI [RTE YT
W& PG PR LT, I Ah, SSIMAB 41T 100% L HE 7 A i,
FUSTEIR Rt AW PR B

2.3 PRIURRHZE AN A PR TP A

AHIF 5T NI TR AR B AL E S O B & 43 A . BM
4, Hoh A9l 25X 24 A L EUR (B8R 7 AT RS +GAN
AT R EIR), BLH2SXH A& 12060 A8 i ER (LS R
I7 AT R +G AN IR T 5 S A1 35 BL A2 B (B



1e5 Red channel 1e5

e Real
I Generated

o
o

=

Frequency (x10°)
F-y

o
N

0.0-

100 150
Intensity

50

(b) (c)

® Real

0.7 ® Generated

o
o

o

Mean saturation (S)

0.4 0.6 0.7

Mean luminance (V)

0.8 0.9

Green channel 1e5 Blue channel

W Real
- Generated

s Real
B Generated

100 150
Intensity

200 250

100
Intensity

150 200 250

Structural similarity index measure

Chemical peel 99.87%

99.00% 99.20% 99.40% 99.60% 99.80% 100.00%

B 3 EIRT GANA IR A E IR () ELSLEIRS A IE R I RGBIEIE IR 25 BE A X L, (b) GRARIRIINT: PIIM R 552
IIARIEHE; () 3MMAYT IRk stk . BRETF ) IR MR 5 BB RO S PEAR LR £

Figure 3 Quantitative analysis of GAN-generated acne treatment images. (a) Pixel intensity distributions in RGB channels are observed by comparing
real and generated images; (b) a color metric analysis was performed by plotting mean saturation versus luminance; (c) the structural similarity index
between generated images and real images for three therapeutic modalities (IPL, chemical peeling, and combination therapy) is shown
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Figure 4 Dermatologists’ evaluation of generated images. (a, ¢) Three dermatologists (A, B, and C) evaluated 50 clinical acne images to distinguish
between real posttreatment images and generated images. The three letters in the upper right corner of each image represent the determinations of the
three doctors with regard to that image. For example, “RGR” indicates that the three doctors classified the image as “real”, “generated”, and “real”.
(b) The dermatologists’ identification results for the generated images are shown. (d) The dermatologists’ performances with regard to distinguishing

real posttreatment clinical acne images from those generated by CycleGAN
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Figure 5 Flowchart of the CycleGAN-based visual decision support system for acne treatment planning. The workflow: (1) standardized acquisition
of lesional images from acne patients; (2) processing of clinical images through an optimized CycleGAN model to generate simulated posttreatment
predictions for three therapeutic modalities (IPL, chemical peeling, and combination therapy); and (3) dermatologists’ formulation of personalized

optimal treatment strategies based on these therapeutic simulations
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Figure 6 Fifty pretreatment images were processed using the CycleGAN model, successfully generating predicted posttreatment outcomes for IPL
therapy, chemical peeling, and combination therapy. Five board-certified dermatologists evaluated the generated images to determine the optimal

treatment selection. [,

£ 1 SHELAETGANABREETE BB LT RERH—BHEA%RY

Table 1 Pairwise Cohen’s Kappa coefficients among five physicians evaluating acne treatment decisions based on GAN-generated prognostic images

I, and Il represent intense pulsed light, chemical peeling, and combination therapy, respectively

A —5(n, %)) A=K (n, %) Cohen’s Kappa
AFIB 35, 70 15, 30 0.554
AFIC 37, 74 13,26 0.613
AFID 38, 76 12,24 0.645
AFIE 36, 72 14, 28 0.586
BHIC 41, 82 9,18 0.729
BFID 44, 88 6, 12 0.819
BFIE 41, 82 9,18 0.729
CHID 43, 86 7,14 0.785
CHIE 46, 92 4,8 0.879
DFIE 42, 84 8,16 0.757

a) B}24% BEH: 2 [E] % Cohen’s Kappaft, P<0.05
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Acne vulgaris is a prevalent chronic inflammatory disorder of the pilosebaceous unit that is clinically characterized by
comedones, papules, pustules, nodules, and cysts. Severe inflammation may induce erythema, hyperpigmentation, and
permanent scarring, significantly compromising patients’ quality of life and potentially leading to psychological sequelae
such as anxiety, depression, and suicidal ideation. Current therapeutic approaches primarily include systemic/topical
medications and physical therapies. However, conventional pharmacotherapy is often limited by adverse effects, protracted
treatment duration, and suboptimal adherence. In contrast, physical therapies, noted for their superior safety profile and
clinical efficacy, have emerged as the preferred treatment for patients who are intolerant or averse to pharmacological
interventions. Physical therapies for acne use nonpharmacological modalities (such as optical, electrical, thermal, or
mechanical techniques) to ameliorate symptoms and include intense pulsed light (IPL), red/blue light therapy, chemical
peels, laser treatments, and microneedling. Current clinical practice relies heavily on dermatologists’ subjective judgment
for selecting physical therapies, with significant variability attributed to differences in clinical experience among
practitioners. Moreover, marked interindividual heterogeneity in treatment response and the absence of standardized
objective evaluation metrics underscore the need for tools capable of personalized prediction of therapeutic outcomes,
particularly through accurate simulation of posttreatment lesion appearances.

Recent advancements in artificial intelligence (AI), particularly deep learning (DL), have revolutionized clinical
applications including disease classification, lesion segmentation, anatomical localization, diagnostic support, and
pathological detection. Notably, generative adversarial networks (GANs) have demonstrated exceptional proficiency in
synthesizing highly realistic data via adversarial training, with successful implementations in medical image enhancement/
reconstruction, pathological region generation, and therapeutic outcome simulation. These capabilities position GANs as
an ideal framework for generating predictive post-treatment acne images to guide clinical decision-making.

This study retrospectively analyzed medical records flagged for “acne” from the Laser Center of Dermatology at the Air
Force Medical Center. In accordance with stringent inclusion/exclusion criteria, 756 acne patients were enrolled and
stratified into three cohorts: IPL monotherapy, chemical peel monotherapy, and combination therapy. The target acne
lesions were manually annotated, with square regions cropped to uniformly encompass the central pathology and >5 mm of
surrounding normal skin. Posttreatment images of the same lesions were aligned and cropped analogously, yielding 1709
images. All of the cropped images underwent dual review to ensure positional consistency. A total of 1709 images were
partitioned into training and validation sets (8:2 ratio) without overlap. To bolster robustness against imaging variability
and real-world artifacts, data augmentation strategies were implemented during preprocessing. The synthesized images
were evaluated through pigment intensity analysis, structural similarity index (SSIM), and dermatologists’ blinded
assessments, confirming high fidelity to the actual posttreatment images. These results validate the capacity of the model to
accurately simulate therapeutic outcomes across diverse treatment modalities. Leveraging these predictive capabilities, we
developed a CycleGAN-based visual decision-support system for acne management. During clinical consultations, facial
photographs are processed to generate simulated posttreatment images for each therapeutic option, empowering
dermatologists to objectively compare outcomes and select optimal interventions. This system aims to facilitate
personalized treatment planning, minimize trial-and-error costs for patients, and mitigate the risks of ineffective or
excessive therapies.

acne, generative adversarial network, skin diseases, deep learning, Al-assisted medical decision-making
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