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Введение. Дефицит мягких тканей вокруг имлантатов в дистальных отделах нижней челюсти остается значимой 

клинической проблемой. Несмотря на то, что субэпителиальные соединительнотканные трансплантаты (SCTG) 

в сочетании с лейкоцитарно-тромбоцитарным фибрином (L-PRF) продемонстрировали благоприятные 
клинические результаты, индивидуализированное прогнозирование успешности лечения остается недостаточно 

изученным. Методы машинного обучения могут предоставить новые возможности для персонализированного 

планирования лечения в имплантологии. 

Цель. Оценить возможность применения методов машинного обучения для прогнозирования результатов 

периимплантатной аугментации мягких тканей после применения SCTG и L-PRF, а также определить 

клинические переменные, наиболее тесно связанные с успешностью лечения. 

Материалы и методы. Исследование представляет собой вторичный анализ с использованием методов 

машинного обучения, основанный на данных ранее проведенного рандомизированного контролируемого 

клинического исследования. Окончательные данные включали 92 пациентов спустя 6 месяцев наблюдения после 

аугментации мягких тканей, включая 47 пациентов после аугментации SCTG в сочетании с L-PRF, и 45 пациентов 

после пересадки только SCTG. В анализ были включены исходные демографические, клинические, 
иммунологические и показатели мягких тканей вокруг имплантата. Прогностическое моделирование 

выполнялось с использованием Python и библиотеки scikit-learn. Алгоритмы Random Forest и многослойного 

персептрона оценивались с применением 5-кратной перекрестной валидации. Эффективность моделей 

оценивалась по показателям accuracy, precision, recall и F1-score. 

Результаты. Благоприятные клинические результаты через 6 месяцев наблюдались у 79 пациентов (85,9%), тогда 

как у 13 пациентов (14,1%) были выявлены субоптимальные состояние мягких тканей вокруг имплантатов и 

эстетические результаты. Классификатор Random Forest продемонстрировал более стабильную прогностическую 

эффективность по сравнению с моделью многослойного персептрона. Исследовательская модель Random Forest 

показала средние значения accuracy 0,81, precision 0,79, recall 0,77 и F1-score 0,78 в ходе процедур перекрестной 

валидации. Анализ значимости признаков показал, что исходная ширина кератинизированной ткани, фенотип 

периимплантатных мягких тканей и курение были наиболее значимыми переменными, связанными с 

результатами лечения. 
Обсуждение. Полученные результаты подтверждают важность кератинизированной слизистой оболочки для 

стабильности периимплантатных тканей и использование SCTG как предсказуемого метода аугментации мягких 

тканей. Дополнительное применение L-PRF может улучшать послеоперационное заживление благодаря его 

регенеративным свойствам. Анализ с использованием методов машинного обучения продемонстрировал 

потенциальную возможность индивидуализированного прогнозирования результатов лечения на основе 

интеграции клинических и биологических переменных в имплантологии. 

Заключение. Анализ с использованием методов машинного обучения продемонстрировал потенциальную 

возможность индивидуализированного прогнозирования результатов аугментации мягких тканей с помощью 

SCTG и L-PRF вокруг имплантатов. Исходные характеристики периимплантатных мягких тканей и пациент-

ассоциированные факторы оказывают влияние на послеоперационное заживление и эстетические результаты. 

Полученные данные следует рассматривать как гипотезо-генерирующие. Для рутинного клинического 
применения прогностических моделей машинного обучения в имплантологии необходимы дальнейшие 

многоцентровые исследования с более крупными независимыми выборками и внешней валидацией. 
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Кіріспе. Төменгі жақтың дистальды бөлімдеріндегі имплантаттар айналасындағы жұмсақ тіндердің тапшылығы 

маңызды клиникалық мәселе болып қала береді. SCTG субэпителиальды дәнекер тін трансплантаттары мен 

лейкоцитарлы-тромбоцитарлы фибриннің (L-PRF) үйлесімі қолайлы клиникалық нәтижелер көрсеткенімен, ем 

нәтижелерін жекелендірілген болжау жеткілікті зерттелмеген. Машиналық оқыту әдістері имплантологияда 

емдеуді персонализацияланған жоспарлаудың жаңа мүмкіндіктерін ұсына алады. 

Мақсаты. SCTG және L-PRF қолданғаннан кейін периимплантаттық жұмсақ тіндер аугментациясының 

нәтижелерін болжауда машиналық оқыту әдістерін қолдану мүмкіндігін бағалау және ем нәтижесіне ең тығыз 

байланысты клиникалық айнымалыларды анықтау. 

Материалдар мен әдістер. Зерттеу бұрын жүргізілген рандомизацияланған бақыланатын клиникалық зерттеу 

деректеріне негізделген машиналық оқыту әдістерін қолданатын екіншілік талдау болып табылады. Қорытынды 

деректер жиынтығына жұмсақ тіндер аугментациясынан кейін 6 айлық бақылаудан өткен 92 пациент енгізілді, 

олардың ішінде 47 пациент SCTG және L-PRF үйлесімімен, ал 45 пациент тек SCTG трансплантациясымен 
емделген. Талдауға бастапқы демографиялық, клиникалық, иммунологиялық көрсеткіштер, сондай-ақ имплантат 

айналасындағы жұмсақ тіндердің параметрлері енгізілді. Болжамдық модельдеу Python және scikit-learn 

кітапханасының көмегімен орындалды. Random Forest және көпқабатты персептрон алгоритмдері 5 еселік кросс-

валидация арқылы бағаланды. Модельдердің тиімділігі accuracy, precision, recall және F1-score көрсеткіштері 

бойынша бағаланды. 

Нәтижелер. 6 айлық бақылаудан кейін 79 пациентте (85,9%) қолайлы клиникалық нәтижелер байқалды, ал 13 

пациентте (14,1%) имплантат айналасындағы жұмсақ тіндердің субоптималды жағдайы және эстетикалық 

нәтижелер анықталды. Random Forest классификаторы көпқабатты персептрон моделіне қарағанда неғұрлым 

тұрақты болжамдық тиімділік көрсетті. Random Forest зерттеулік моделі кросс-валидация барысында accuracy — 

0,81, precision — 0,79, recall — 0,77 және F1-score — 0,78 орташа көрсеткіштерін көрсетті. Белгілердің 

маңыздылығын талдау кератинденген тіннің бастапқы ені, периимплантаттық жұмсақ тіндердің фенотипі және 
шылым шегу ем нәтижелерімен ең тығыз байланысты айнымалылар екенін көрсетті. 

Талқылау. Алынған нәтижелер периимплантаттық тіндердің тұрақтылығы үшін кератинденген шырышты 

қабықтың маңыздылығын растайды және SCTG-ні жұмсақ тіндерді аугментациялаудың болжамды әдісі ретінде 

қолдайды. L-PRF қосымша қолдану оның регенеративті қасиеттерінің арқасында операциядан кейінгі жазылуды 

жақсартуы мүмкін. Машиналық оқыту әдістерін қолданған талдау имплантологияда клиникалық және 

биологиялық айнымалыларды біріктіру негізінде ем нәтижелерін жекелендірілген болжаудың әлеуетті 

мүмкіндігін көрсетті. 

Қорытынды. Машиналық оқыту әдістерін қолдану арқылы жүргізілген талдау SCTG және L-PRF көмегімен 

имплантаттар айналасындағы жұмсақ тіндер аугментациясының нәтижелерін жекелендірілген түрде болжаудың 

әлеуетті мүмкіндігін көрсетті. Периимплантаттық жұмсақ тіндердің бастапқы сипаттамалары мен пациентке 

байланысты факторлар операциядан кейінгі жазылу мен эстетикалық нәтижелерге әсер етеді. Алынған 

нәтижелерді гипотеза қалыптастырушы деректер ретінде қарастырған жөн. Имплантологияда машиналық 
оқытуға негізделген болжамдық модельдерді күнделікті клиникалық тәжірибеге енгізу үшін тәуелсіз іріктемелері 

бар және сыртқы валидация жүргізілген көпорталықты қосымша зерттеулер қажет. 

Түйінді сөздер: дентальды имплантация, жұмсақ тіндерді аугментациялау, дәнекер тін трансплантаты, 

предиктивті модельдеу. 
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Introduction. Peri-implant soft tissue deficiency in the posterior mandible remains a significant clinical challenge. 

Although subepithelial connective tissue grafts (SCTG) combined with lekocyte-platelet-rich fibrin (L-PRF) have 

demonstrated favorable clinical outcomes, individualised prediction of treatment success remains insufficiently 
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investigated. Machine learning approaches may provide new opportunities for personalised treatment planning in implant 

dentistry. 

Objective. To evaluate the feasibility of machine learning based prediction of peri-implant soft tissue augmentation 

outcomes following SCTG and L-PRF augnentation and to identify the clinical variables most strongly associated with 

treatment success. 

Materials and methods. This study represents a secondary exploratory machine learning analysis based on data obtained 

from a previously conducted randomised controlled clinical trial. The final dataset included 92  patients who  completed 
6-month follow-up after peri-implant soft tissue augmentation procedures, including 47 patients treated with SCTG 

combined with L-PRF and 45 patients treated with SCTG alone. Baseline demographic, clinical immunological and peri-

implant soft tissue variables were included in the analysis. Predictive modelling was performed using Python and the 

scikit-learn  library. Random Forest and multilayer perceptron algorithms were evaluated using 5-fold cross-validation. 

Model performance was assessed using accuracy, precision, recall, and F1-score. 

Results. Favorable clinical outcomes at 6 months were observed in 79 patients (85.9%), whereas 13 patients (14.1%) 

demonstrated suboptimal peri-implant soft tissue or aesthetic outcomes. The Random Forest classifier demonstrated more 

stable predictive performance compared with the multilayer perceptron model. The exploratory Random Forest model 

demonstrated a mean accuracy of 0.81, precision of 0.79, recall of 0.77, and F1-score of 0.78 during cross validation 

procedures. Feature importance analysis identified baseline keratinised tissue thickness, peri-implant soft tissue 

phenotype, smoking status as the variables most strongly associated with treatment outcomes. 
Discussion. The findings confirm the importance of keratinized mucosa for peri-implant tissue stability and support 

SCTG as a predictable approach for soft tissue augmentation. The adjunctive use of L-PRF may improve postoperative 

healing because of its regenerative properties. Exploratory machine learning analysis demonstrated the potential 

feasibility of individualized outcome prediction using integrated clinical and biological variables in implant dentistry.  

Conclusion. Machine learning-based analysis demonstrated potential feasibility for individualised prediction of peri-

implant soft tissue augmentation outcomes following SCTG and L-PRF use. Baseline peri-implant soft tissue  

characteristics and patient-related factors appear to significantly influence postoperative healing and esthetic outcomes. 

The present findings should be considered exploratory and hypnotises-generating. Further multicentre studies with larger 

independent datasets and external validation are required before routine clinical implementation of machine learning-

based predictive models in implant dentistry._x001D_  

Keywords: dental implantation, soft tissue augmentation, connective tissue graft, predictive modeling.  

 

Introduction  

Adequate peri-implant soft tissue dimensions 

are considered essential for the long-term 

stability of dental implants and maintenance of 

peri-implant health [1]. Insufficient keratinised 

mucosa around implants has been associated 

with impared plaque control, increased 

bleeding on probing, mucosal discimfort during 

oral hygiene procedures, and a higher 

prevalence of peri-implant mucositis and peri-

implantitis  [2]. These problems are particularly 

pronounced in the posterior mandible, where 

thin soft tissue biotype and limited keratinised 

mucosa frequently complicate implant 

rehabilitation.  

Subepithelial connective tissue grafting 

(SCTG) remains the gold standard for peri-

implant soft tissue augmentation due to its 

predictable volumetric stability and favorable 

long-term clinical outcomes [3]. However, 

autogenous grafting is associated with donor-

site morbidity, prolonged surgical time, and 

limited tissue availability [4]. Consequently, 

biologically active adjuncts such as leukocyte-

platelet-rich fibrin (L-PRF) have attracted 

increasing attention as potential enhancers of 

wound healing and tissue regeneration  [5]. L-

PRF contains platelets, leukocytes, cytokines, 

and growth factors capable of promoting 

angiogenesis, fibroblast proliferation, and soft 

tissue maturation [6]. Several studies have 

reported favorable healing outcomes following 

the combined use of SCTG and L-PRF, 

although evidence regarding their long-term 

clinical superiority remains inconsistent [7-9]. 

Machine learning has recently emerged as a 

promising tool in dentistry and implantology 

because of its ability to identify complex 

interactions among clinical variables and 

support personalised treatment planning [10, 

11]. Predictive models may assist clinicians in 

identifying patients at increased risk of 

suboptimal healing and in optimising surgical 

protocols accordingly. However, the use of 

machine learning for prediction of peri-implant 

soft tissue augmentation outcomes remains 

insufficiently explored. 

Objective. To evaluate the feasibility of 

machine learning based prediction of peri-

implant soft tissue augmentation outcomes 
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following SCTG and L-PRF augnentation and 

to identify the clinical variables most strongly 

associated with treatment success. 

Materials and methods.  
Study design. The present study represents a 

secondary exploratory machine learning 

analysis based on data obtained from a 

previosly published randomised controlled 

clinical trial investigating peri-implant soft 

tissue augmentation using L-PRF combined 

with SCTG versus SCTG alone.  

The clinical trial included patients with thin 

gingival biotype undergoing delayed dental 

implantation following soft tissue 

augmentation procedures. 110 patients were 

assessed for eligibility, 100 patients were 

allocated to intervention groups, and 92 patients 

completed follow-up and were included in the 

final analysis (47 patients in the L-PRF+SCTG 

group and 45 in the SCTG-only group). The 

study was conducted in accordance with the 

Declaration of Helsinki. All data were 

anonymised prior to analysis. Written informed 

consent was obtained from all participants for 

the use of their clinical data for research 

purposes. The study protocol was approved by 

the Research Ethics Committee of the 

Asfendiyarov Kazakh National Medical 

University (Approval number: Nº6 [112] from 

May 26, 2021). The original randomized 

controlled clinical trial was registered at the 

ISRCTN registry (ISRCTN27670172).  

Inclusion criteria: age ≥ 18 years, partial 

edentulism in the posterior mandible, thin peri-

implant soft tissue biotype < 2 mm, adequate 

bone volume for implant placement without 

simultaneous bone augmentation. Exclusion 

criteria: uncontrolled systemic diseases, 

pregnancy or lactation, immunodeficiency 

disorders, active periodontal disease, 

bisphosphonate therapy, poor oral hygiene 

complience, heavy smoking (more than 10 

cigarettes per day).  

Mucosal thickness was measured using a 

periodontal probe with an endodontic stopper 

under local anesthesia at standardised reference 

points. Keratinised mucosa width was 

measured using a calibrated periodontal probe 

from the free gingival margin to the 

mucogingival junction. Peri-implant soft tissue 

esthetics were evaluated using the PES.  

Surgical protocol. A mucoperiosteal flap was 

elevated at the implant site. A subepithelial 

connective tissue graft was harvested from the 

maxillary tuberosity or palate using a 

minimally invasive technique. The graft was 

de-epithelialised and inserted into a prepared 

recipient bed and stabilised using mattress 

sutures. L-PRF membranes were prepared from 

venous blood via centrifugation and applied in 

combination with the graft to enhance 

biological healing.  

Clinical measurements were performed by two 

calibrated investigators. Calibration procedures 

were conducted before the study, and repeated 

measurements demonstrated acceptable intra-

observer reproducibility.  

For the present machine learning study, only 

patients with complete baseline and follow-up 

datasets were included in model development. 

The machine learning analysis focused on 

identifying the relative contribution of baseline 

clinical and biological variables to treatment 

success and predicting favorable soft tissue and 

aesthetic outcomes. 

Baseline variables recorded prior to surgery 

included: gender, age, mucosal thickness before 

surgery (mm); width of keratinised mucosa 

before surgery (mm); smoking status, cytokine 

ratios, laser Doppler flowmetry parameters, 

cytological healing characteristics. The primary 

outcome variable was defined as a successful 

clinical outcome at 6 months, characterised by 

an increase in mucosal thickness of ≥1 mm 

combined with an improvement in esthetics, 

assessed using the Pink Esthetic Score (PES 

≥7), which reflects clinically relevant peri-

implant soft tissue enhancement. 

 

Statistical analysis 

Statistical analysis was performed using SPSS 

software. Normality distribution was assessed 

using the Shapiro-Wilk test. Continuous 

variables were presented as mean±standard 

deviation (SD). 

Comparisons between baseline and follow-up 

values were performed using Wilcoxon signed-

rank test. Categorical variables were analysed 

using Fisher’s exact test. Statistical significance 
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was established at p<0.05. Ninety-five percent 

confidence intervals (95% CI) were calculated 

where appropriate.  

For the present exploratory analysis, supervised 

machine learning algorithms were additionally 

implemented to evaluate nonlinear 

relationships between clinical variables and 

treatment outcomes. Model performance was 

assessed using cross-validation techniques. 

Machine learning analysis.  
Machine learning analysis was performed as a 

secondary exploratory component of the study 

using the dataset obtained from the previosly 

conducted controlled clinical trial. The final 

dataset included 92 patients who completed the 

6-month follow-up period, including 47 

patients treated with L-PRF combined with 

SCTG and 45 patients treated with SCTG alone. 

Data processing was performed using Python 

and the scikit-learn library. Continuous 

variables were standardised using 

StandardScaler, and categorical variables were 

encoded numerically before model 

development.  

Because of the relatively small sample size, 

several measures were implemented to reduce 

the risk of overfitting: five-fold cross-

validation, restriction of model complexity, 

limited neural network architecture, 

comparison of training and validation 

performance. Two algorithms were 

implemented: Random Forest Classifier (n=100 

trees), Multilayer perception neural network 

(two hidden layers - 20 and 10 neurons). Model 

performance was evaluated using accuracy, 

precision, recall, F1-score, sensitivity, 

specificity, ROC-AUC.  Confusion 

matrices were additionally analyzed to evaluate 

classification performance. Feature importance 

analysis was performed for the Random Forest 

model to identify the most influential predictive 

variables.Given the pilot nature of the study and 

limited sample size, calibration analysis and 

external validation were not performed and 

should be addressed in future multicenter 

investigations. 

For each patient, the probability of successful 

treatment outcome was calculated and used to 

support clinical decision-making. 

Limitations 

The present study has several limitations. First, 

the sample size was relatively small, which 

increases the risk of overfitting in machine 

learning models, particularly neural network 

algorithms. Second, the study had a single-

center design, which may limit generalisability 

of the findings. Third, the follow-up  period was 

limited to 6 months and therefore does not 

allow assessment of long-term peri-implant 

stability. Finally, external validation of the 

predictive model was not performed. Future 

studies with larger datasets and longer follow-

up periods are required to confirm the reliability 

and clinical applicability of machine learning-

based predictive modeling in implant dentistry. 

Clinical case of application of the model. A 

30-year-old male patient presented to the Atlas 

Dent Dental Clinic (Almaty, Kazakhstan) with 

a chief complaint of a missing mandibular left 

first molar (tooth 3.6). According to the 

patient’s medical history, his general health 

status was satisfactory, and no chronic systemic 

diseases were reported. Clinical examination 

revealed a pronounced deficiency of keratinised 

mucosa in the edentulous area corresponding to 

tooth 3.6. Periodontal probing demonstrated a 

keratinised tissue width of 1.5 mm. The 

periodontal biotype was classified as thin, with 

mucosal thickness measuring less than 2 mm. 

Radiographic evaluation, including panoramic 

radiography and cone-beam computed 

tomography (CBCT), confirmed the presence 

of sufficient alveolar bone volume at the 

planned implant site, thus eliminating the need 

for preliminary bone augmentation prior to 

implant placement (Figure 1). 

 

 



 
 

144 
 

  
Figure 1 - CBCT, assessment of planned implant site 

 

The treatment plan included the placement of a 

dental implant combined with simultaneous 

soft tissue augmentation using a subepithelial 

connective tissue graft. Harvesting of the SCTG 

was performed from the maxillary tuberosity 

region. The surgical approach involved two 

horizontal and two vertical incisions, oriented 

perpendicular to the mucosal surface, with a 

depth of 1.0-1.5 mm (Figure 2).    

 

 

 

 

 

 

 

 

 

 

 

Figures 2 - Surgical procedure for connective tissue graft harvesting 

 

Following graft retrieval, the donor site was 

covered with a collagen membrane and sutured 

to optimize healing. The harvested SCTG was 

temporarily placed on sterile gauze moistened 

with isotonic sodium chloride solution, after 

which de-epithelialisation was carried out using 

a scalpel blade. The prepared graft was inserted 

into the vestibular pouch and secured in the 

desired position using a mattress suture, 

ensuring stability throughout the initial healing 

phase (Figure 3). 
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Figure 3 - Gingival augmentation with SCTG and L-PRF performed prior to healing abutment connection 

 

For the preparation of the L-PRF membrane, 

the following protocol was applied. A venous 

blood sample (10 mL) was collected into a 

sterile tube containing an anticoagulant. 

Centrifugation was performed at 700 g for 8 

minutes using a laboratory centrifuge (Hettich 

EBA 200, Andreas Hettich GmbH & Co. KG, 

Tuttlingen, Germany). The resulting fibrin clot 

was mechanically compressed in a PRF box 

(HBXPRF, Beijing Hanbaihan Medical 

Devices Co., Ltd., Beijing, China) to obtain an 

L-PRF membrane. The resulting membrane 

was subsequently used in combination with a 

subepithelial connective tissue graft. During the 

surgical procedure, a mucoperiosteal flap was 

elevated, and the existing zone of keratinised 

tissue was repositioned toward the buccal 

aspect. The subepithelial graft and L-PRF 

membrane were secured at the recipient site 

using resorbable sutures (Vicryl 5-0, Johnson & 

Johnson MedTech, New Brunswick, NJ, USA).  

Postoperative management included the 

administration of antibacterial and anti-

inflammatory therapy for five days. The patient 

was instructed to avoid mechanical 

toothbrushing in the surgical area and to 

perform rinses with a chlorhexidine antiseptic 

solution for 14 days. Suture removal was 

carried out on the 10th postoperative day. 

Follow-up examinations were scheduled at 3 

and 6 months after surgery. 

At one week postoperatively, the surgical site 

demonstrated primary intention healing with 

minimal edema. After one month, an increase 

in the width of keratinised tissue to 4 mm was 

observed, along with complete integration of 

the graft. At three and six months, a stable 

volume of soft tissue was maintained without 

signs of inflammation. The width of keratinised 

mucosa increased by 2.0 mm compared with 

baseline. Favorable conditions for adequate 

oral hygiene maintenance were achieved. The 

implant remained stable, and radiographic 

evaluation revealed no evidence of marginal 

bone resorption. No postoperative 

complications, such as suture dehiscence or 

graft necrosis, were recorded. (Figure 4).  
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Figure 4 - Postoperative clinical view after soft tissue augmentation with SCTG and L-PRF, demonstrating an increased 

width of keratinised mucosa and improved peri-implant soft tissue stability 

around the healing abutment 

 

Results  

Exploratory machine learning analysis was 

performed using data from 92 patients included 

in the final analysis of the clinical trial. Among 

the analysed patients, favorable clinical 

outcomes at 6 months were observed in 79 

patients (85.9%), whereas 13 patients (14.1%) 

demonstrated suboptimal soft tissue or esthetic 

outcomes. 

The Random Forest classifier demonstrated 

more stable predictive performance during 

cross-validation compared with the multilayer 

perceptron model. The exploratory Random 

Forest model demonstrated an overall mean 

accuracy of 0.81, precision of 0.79, recall of 

0.77, and F1-score of 0.78 during 5-fold cross-

validation.  

Feature importance analysis identified the most 

influential predictors as: baseline mucosal 

thickness, width of keratinised mucosa, 

smoking status. Comparison of predicted and 

actual outcomes demonstrated high 

concordance. Overall, the machine learning 

analysis suggested that integration of baseline 

clinical and biological parameters may 

contibute to individualised prediction of peri-

implant soft tissue healing and esthetic 

outcomes. 

Discussion 

The present study explored the feasibility of 

applying machine learning techiques for 

individualised prediction of peri-implant soft 

tissue augmentation outcomes following SCTG 

and L-PRF therapy. The exploratory analysis 

demonstrated that integration of baseline 

clinical, biological, and peri-implant soft tissue 

parameters may contribute to prediction of 

postoperative healing and esthetic outcomes 

after implant treatment.  

Machine learning has recently emerged as a 

promising tool in dentistry because of its ability 

to analyze complex nonlinear relationships 

between multiple clinical variables 

simultaneously. In implant dentistry, 

conventional statistical approaches are often 

limited in identifying multifactoral interactions 

influencing treatment outcomes. In contrast, 

machine learning algorithms may allow more 

comprehensive analysis of patient-related, 

surgical, biological, and local tissue factors 

involved in peri-implant healing.  

In the present study, feature importance 

analysis identified baseline keratinised tissue 

thickness, width of keratinised mucosa, 

smoking status as the variables most strongly 

associated with treatment outcomes. These 

findings are clinically relevant because they 

correspond with previously reported biological 

and clinical risk factors affecting peri-implant 

tissue stability and wound healing  [11, 12]. The 

exploratory predictive analysis additionally 

demonstrated that patients with reduced 

baseline mucosal thickness and width, smoking 

history were more likely to demonstrate 

suboptimal postoperative soft tissue conditions. 

These observations support the concept that 

individualised patient-specific variables may 



 
 

147 
 

substantially influence peri-implant soft tissue 

response after augmentation procedures. 

Although machine learning applications in 

implant dentistry remain relatively limited, 

recent studies have demonstrated growing 

interest in artificial intelligence for implant 

planning, prediction of implant survival, 

radiographic interpretation, and peri-implant 

disease detection. However, the majority of 

currently available studies focus primarily on 

radiographic diagnostics rather than prediction 

of soft tissue healing outcomes. Therefore, the 

present study contributes preliminary evidence 

regarding the feasibility of predictive modeling 

specifically for peri-implant soft tissue 

augmentation procedures. 

The present machine learning analysis  should 

be considered exploratory and hypothesis-

generating rather than a fully validated clinical 

decision-support model. Future multicenter 

investigations using larger independent 

datasets, longer follow-up periods, external 

validation cohorts, and standardised artificial 

intelligence methodologies are necessary 

before routine clinical implementation can be 

recommended. 

Conclusion 

Simultaneous peri-implant soft tissue 

augmentation using SCTG combined with L-

PRF during implant placement in the posterior 

mandible demonstrated favorable clinical and 

esthetic outcomes with stable peri-implant soft 

tissue conditions during 6-month follow-up. 

The incorporation of machine learning-based 

predictive analysis may provide an additional 

tool for individualized risk assessment and 

personalized treatment planning in implant 

dentistry. However, further multicenter 

investigations with larger patient cohorts and 

external validation are required before routine 

clinical implementation. 
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