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FOREWORD 

It is a pleasure for us to offer you this Book of Abstract for the 6 th International Natural Science, 

Engineering and Material Technologies Conference (NEM 2026). Our goal was to create a platform 

that introduces the newest results on internationally recognized experts to local students and colleagues 

and simultaneously to display relevant Turkish achievements to the world. The positive feedback of the 

community encouraged us to proceed and transform a single event into a conference series. Now, NEM 

2026 is honored by the presence of over 102 colleagues from various countries. We kept the original 

NEM 2026 concept and accepted contributions from all fields of materials science and technology to 

promote multidisciplinary discussions. The main points of the conference emerged spontaneously from 

the submitted abstracts: energy applications, advanced materials, electronic and optoelectronic devices, 

organic electronic materials, chemistry, physics, environmental science, medical science, applied and 

engineering science, computer simulation of organic structures, biomedical applications and advanced 

characterization techniques of nanostructured materials. Further fields of interest include e.g. new 

advanced and functional materials, advanced-functional composites, biomaterials, smart materials, 

dielectric materials, optical materials, magnetic materials, organic semiconductors, inorganic 

semiconductors, electronic materials, graphene, and more. 

Therefore, we hope that getting first-hand access to new results, establishing new connections 

and enjoying the Famagusta, Northern Cyprus ambience will make you feel that your efforts were spent 

well in NEM 2026. 

Our warmest thanks go to all invited speakers, authors, and contributors of NEM 2026 for 

accepting our invitation, visiting Northern Cyprus and attending NEM 2026 as a medium for 

communicating your research results.  

We hope that you will enjoy the conference and look forward to meeting you again in the 

forthcoming NEM 2027 event. 

 

Best regards, 

Chairmen’s of Conference 

 

 

Assoc. Prof. Burhan COŞKUN                                                    Prof. Dr. Huriye İCİL 
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EFFECT OF LYOPHILIZED RED PEPPER AND SEED ENRICHMENT ON 

THE ANTIOXIDANT ACTIVITY AND QUALITY PROPERTIES OF 

FUNCTIONAL GLUTEN-FREE SNACKS 

 
A.R. Ergün¹, A.Ş. Arıkan¹, M.M. Yıldırım¹, T. Baysal 

¹Department of Food Engineering, Faculty of Engineering, Ege University, İzmir, TÜRKİYE 

E-mail: ahsenrayman@gmail.com 

Abstract 

Snack products represent one of the fastest-growing categories in the food industry due to increasing 

consumption trends, while the evaluation of plant seeds generated as food processing by-products is 

important for sustainable production; red pepper and its seeds, rich in phenolic compounds and 

antioxidants, are therefore regarded as innovative and promising ingredients for functional product 

development. This study aimed to develop functional gluten-free snack formulations containing freeze-

dried red pepper and red pepper seed powder obtained through lyophilization and to evaluate the effects 

of different formulations on the physicochemical, functional, and sensory properties of the final 

products. Three formulations were prepared: a control sample containing only gluten-free flour; a 

sample containing gluten-free flour and lyophilized red pepper seed powder; and a sample containing 

gluten-free flour, lyophilized red pepper seed powder, and lyophilized red pepper. The products were 

analyzed for chemical composition (moisture, ash, fat, protein), water activity, antioxidant activity, total 

phenolic content, textural parameters (hardness, brittleness), and sensory properties. The production 

process completed with baking at 150 °C for 5 min following tray drying at 60 °C and 1.5 m/s air 

velocity, was more effective in preserving bioactive components and promoting crisp texture than 

conventional atmospheric cooking. Antioxidant capacity, determined by the DPPH method, was found 

to be as 49.126 ± 6.944 µmol TE/g in the control group, 55.381 ± 0.346 µmol TE/g in the seed-

containing sample, and 59.504 ± 0.795 µmol TE/g in the sample containing both red pepper and seeds; 

this indicates that the addition of plant-based components increased the antioxidant capacity. The 

limited literature on lyophilized plant by-products in functional gluten-free snacks highlights the 

importance of this study, whose findings demonstrate an innovative and applicable approach and 

provide a scientific basis for industrial-scale production of zero-waste, clean-label, nutritionally 

enriched gluten-free products. 

Keywords: Antioxidant activity, Functional snack, Gluten-free product, Red pepper and seed, 

Lyophilization 

mailto:ahsenrayman@gmail.com
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1. INTRODUCTION 

Consumer interest in gluten-free products has increased substantially in recent years [1]. Although a 

gluten-free diet is essential for individuals with celiac disease and is also adopted for other reasons, the 

nutritional quality of gluten-free bakery products remains an important concern [1, 2]. Such products 

often rely on refined starches and flours and may benefit from enrichment with plant-derived ingredients 

providing proteins, dietary fiber, minerals, and bioactive compounds [3]. Functional food development 

increasingly focuses on incorporating plant-derived ingredients and food-processing by-products to 

improve nutritional value while supporting the sustainable utilization of plant materials [4, 5]. Red 

pepper (Capsicum annuum L.) is a valuable source of carotenoids, vitamin C, phenolic compounds, and 

other antioxidants, although its phytochemical properties are affected by processing and drying 

conditions [6]. Pepper seeds, often regarded as a by-product, also have considerable nutritional and 

functional potential. Studies have identified sterols, triterpenes, organic acids, fatty acids, volatile 

compounds, proteins, lipids, dietary fiber, phenolics, and minerals in C. annuum seeds, along with 

concentration-dependent antioxidant activity [7–10]. Reported compositions include approximately 

18.3% crude protein, 11.0% crude oil, and 61.0% dietary fiber, with the lipid fraction being 

predominantly unsaturated fatty acids [8]. Drying conditions are critical for preserving bioactive 

compounds in plant-based ingredients. High temperatures can accelerate drying but may adversely 

affect color, phenolics, carotenoids, and other heat-sensitive compounds [6]. Freeze-drying is therefore 

frequently preferred for bioactive-rich materials due to its favorable retention of carotenoids and 

characteristic red color compared with some conventional drying methods [11]. However, freeze-drying 

the final snack product is economically and technologically demanding. A more practical approach is 

to freeze-dry the functional ingredients and subsequently produce the crackers using moderate-

temperature convective drying, combining bioactive preservation with a simpler and more scalable 

process. Accordingly, this study aimed to develop gluten-free crackers enriched with freeze-dried red 

pepper seeds and a combination of freeze-dried red pepper and red pepper seeds. Antioxidant capacity, 

total phenolic content, moisture, water activity, crude protein, fat, ash, instrumental color, texture, and 

sensory properties were evaluated against a gluten-free control formulation. 



  

6th International Natural Science, Engineering and Material Technologies Conference 

Sep 10-12, 2026, Famagusta, Northern Cyprus 

3 
 

2. MATERIALS AND METHODS 

2.1. Materials 

Gluten-free flour and other cracker ingredients were obtained from commercial sources. Fresh red 

peppers (Capsicum annuum L.) and red pepper seeds were used to prepare the functional ingredients. 

Analytical-grade reagents were used for physicochemical, phenolic, and antioxidant analyses. 

2.2. Preparation of Red Pepper and Pepper Seed Powders 

Red pepper and red pepper seeds were separately frozen and freeze-dried until a stable dry structure 

was obtained. The dried materials were ground into homogeneous powders and stored in sealed 

containers until cracker production. Freeze-drying was selected due to its favorable retention of 

carotenoids and characteristic pepper color compared with intensive thermal drying [11]. 

2.3. Experimental Design and Cracker Formulation 

Three gluten-free cracker formulations were prepared: control (C), without pepper enrichment; pepper 

seed (PS), containing freeze-dried red pepper seed powder; and red pepper–pepper seed (RPPS), 

containing both freeze-dried red pepper and pepper seed powders. The total amount of functional 

ingredient was kept constant in the enriched formulations, while other formulation and processing 

conditions remained unchanged. 

2.4. Cracker Preparation and Drying 

Dry ingredients were mixed, followed by incorporation of the remaining ingredients to form the dough. 

The doughs were sheeted and shaped to uniform thickness and dimensions. Cracker samples were dried 

in a convective tray dryer at 60 °C and 1.5 m/s air velocity, followed by baking at 150 °C for 5 min. 

The products were then cooled to room temperature and stored in sealed packaging until analysis. 

2.5. Moisture Content  

Moisture content was determined using AOAC/AACC-based gravimetric procedures. Approximately 5 

g of sample was dried at 103 ± 2 °C to constant weight, and moisture content was calculated from the 

mass loss [12, 13]. 

2.6. Water Activity 

Water activity (aw) was measured at room temperature using a calibrated AquaLab-type water activity 

meter. Measurements were performed in triplicate after equilibrium was reached. 

2.7. Ash Content 

Approximately 3 g of sample was weighed into pre-weighed porcelain crucibles and incinerated in a 

muffle furnace. Samples were initially heated at approximately 600 °C and maintained at 550 °C until 
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complete mineralization. After cooling in a desiccator, ash content was determined gravimetrically 

according to AOAC procedures [12]. 

2.8. Crude Protein Content 

Crude protein was determined by the Kjeldahl method. Samples were digested with concentrated H₂SO₄ 

using potassium sulfate and copper sulfate catalysts. After alkalization with NaOH, released ammonia 

was distilled into boric acid and titrated with standardized 0.1 N HCl. Nitrogen content was calculated 

after blank correction and converted to crude protein using a factor of 6.25 [12]. 

2.9. Crude Fat Content 

Crude fat was determined by solvent extraction. Approximately 3 g of ground sample was extracted 

with a non-polar solvent, after which the solvent was removed and the lipid fraction was weighed. Fat 

content was calculated as Fat (%) = [(W₂ − W₁) / Wₛ] × 100. 

2.10. Instrumental Color 

Color was measured using the CIE Lab* system with a calibrated Hunter colorimeter. L* indicates 

lightness, a* the green-to-red axis, and b* the blue-to-yellow axis. Five measurements were obtained 

per formulation and expressed as mean ± standard deviation. Total color difference was calculated as 

ΔE* = [(ΔL*)² + (Δa*)² + (Δb*)²]¹ᐟ². 

2.11. Extraction of Phenolic and Antioxidant Compounds 

Approximately 5 g of ground sample was extracted with 50 mL of 80% methanol. Samples were 

homogenized, protected from light, and periodically vortexed during extraction. Following 

centrifugation, the supernatants were used for total phenolic and antioxidant analyses [14]. 

2.12. Total Phenolic Content 

Total phenolic content was determined using the Folin-Ciocalteu method according to Singleton et al. 

[15]. Extracts were reacted with Folin-Ciocalteu reagent and sodium carbonate, followed by incubation 

for color development. Absorbance was measured at 760 nm. Gallic acid was used as the calibration 

standard, and results were expressed as gallic acid equivalents. 

2.13. Antioxidant Capacity 

Antioxidant capacity was determined using the DPPH radical-scavenging method according to Brand-

Williams et al. [16]. Sample extracts were reacted with DPPH solution in methanol under controlled 

conditions, and absorbance was measured at 517 nm. Results were expressed as µmol Trolox 

equivalents per gram (µmol TE/g). 
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2.14. Texture Analysis 

Texture characteristics were evaluated using a TA.XT2i Texture Analyzer (Stable Micro Systems, UK) 

with a three-point bending/fracture configuration. Individual crackers were positioned across two 

supports and fractured by compression at the midpoint. Maximum fracture force was recorded as 

hardness/breaking force and expressed in Newtons (N), with fracture behavior also considered as an 

indicator of brittleness and crispness. 

2.15. Sensory Evaluation 

Sensory evaluation was performed using a 9-point hedonic scale (1 = dislike extremely; 9 = like 

extremely) with at least 10 semi-trained panelists [17]. Samples were presented in transparent containers 

with randomized three-digit codes and randomized serving order. Water was provided for palate 

cleansing. Appearance, color, odor, taste, texture, and overall acceptability were evaluated. 

2.16. Statistical Analysis 

Results were expressed as mean ± standard deviation. Data were analyzed by one-way ANOVA, 

followed by Duncan’s multiple-range test where applicable. Statistical significance was set at p < 0.05 

using SPSS Statistics version 16.0 (SPSS Inc., Chicago, IL, USA). 

3. RESULTS AND DISCUSSION 

3.1. Antioxidant Capacity and Total Phenolic Content 

The antioxidant and total phenolic results of the developed crackers are presented in Table 1. 

Table 1. Antioxidant capacity and total phenolic content of gluten-free cracker formulations. 

Formulation 
Antioxidant capacity (µmol 

TE/g) 

Total phenolic content (mg 

GAE/g) 

Control (C) 49.126 ± 1.944a 0.149 ± 0.040a 

Pepper seed (PS) 55.381 ± 0.346b 0.209 ± 0.003b 

Red pepper + pepper seed 

(RPPS) 
59.504 ± 0.795c 1.512 ± 0.095c 

                  * In the table, different letters within the same row indicate a statistically significant 

difference (p<0.05) between groups according to the Duncan test results. 

 

Antioxidant capacity increased from 49.126 µmol TE/g in C to 55.381 µmol TE/g in PS and 59.504 

µmol TE/g in RPPS, corresponding to increases of 12.9% and 21.1%, respectively. ANOVA confirmed 

a significant difference among formulations (p < 0.05). The increase is consistent with the reported 

antioxidant potential of pepper seeds and red pepper, which contain phenolic compounds, carotenoids, 



  

6th International Natural Science, Engineering and Material Technologies Conference 

Sep 10-12, 2026, Famagusta, Northern Cyprus 

6 
 

ascorbic acid, and other bioactive constituents [6, 7]. Total phenolic content increased from 0.149 ± 

0.040 mg GAE/g in C to 0.209 ± 0.003 mg GAE/g in PS and 1.512 ± 0.095 mg GAE/g in RPPS (p < 

0.05). Compared with C, PS showed an approximately 40% increase, while RPPS exhibited 

approximately tenfold higher phenolic content. This pronounced increase suggests that the freeze-dried 

red pepper fraction was the major contributor to phenolic enrichment [6, 11]. The substantially greater 

increase in total phenolic content than DPPH activity is reasonable because these methods reflect 

different chemical properties. DPPH activity is affected not only by total phenolics but also by 

individual compounds, synergistic interactions, pigments, vitamins, and other reducing substances. 

3.2. Protein, Fat and Ash Contents 

The proximate composition of the cracker formulations is presented in Table 2. 

Table 2. Protein, fat and ash contents of gluten-free cracker formulations. 

Formulation Protein (%) Fat (%) Ash (%) 

C 3.664 ± 0.055a 4.833 ± 0.833a 2.103 ± 0.427a 

PS 4.758 ± 0.164b 7.333 ± 0.333b 1.820 ± 0.048b 

RPPS 4.922 ± 0.109b 7.167 ± 0.167b 2.269 ± 0.360a 

                * In the table, different letters within the same row indicate a statistically significant 

difference (p<0.05) between groups according to the Duncan test results. 

 

Protein content increased from 3.664 ± 0.055% in C to 4.758 ± 0.164% in PS and 4.922 ± 0.109% in 

RPPS, consistent with the considerable protein content reported for pepper seeds [8]. Fat content 

increased from 4.833% in C to 7.333% in PS and 7.167% in RPPS, with a significant formulation effect 

(p < 0.05). This increase is attributable to the lipid-rich nature of pepper seeds, whose oils are 

predominantly composed of unsaturated fatty acids, particularly linoleic acid [8, 9]. Ash contents were 

2.103 ± 0.427%, 1.820 ± 0.048%, and 2.269 ± 0.360% for C, PS, and RPPS, respectively, with no 

significant difference (p > 0.05). Overall, pepper-derived ingredients modified the protein and fat 

composition of the crackers while having limited effect on ash content. 
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3.3. Moisture Content and Water Activity 

Moisture and water activity data before and after drying are presented in Table 3. 

Table 3. Moisture content and water activity of dough and dried cracker samples. 

Parameter C PS RPPS 

Dough moisture (%) 40.223 ± 0.033 36.893 ± 0.046 32.580 ± 0.073 

Dough aw 0.931 ± 0.003 0.922 ± 0.004 0.928 ± 0.005 

Cracker moisture (%) 4.220 ± 0.029 10.453 ± 0.203 5.523 ± 0.256 

Cracker aw 0.308 ± 0.002 0.525 ± 0.005 0.407 ± 0.004 

 

Moisture content differed significantly among formulations (p < 0.05), with values of 4.22%, 10.45%, 

and 5.52% for C, PS, and RPPS, respectively. Water activity showed a similar trend, with values of 

0.308, 0.525, and 0.407. The higher moisture and aw of PS may be related to the protein and fiber 

content of pepper seeds, which can increase water binding within the cracker matrix [9]. This behavior 

is technologically important because moisture and aw influence crispness and storage stability. Thus, 

the PS formulation may require longer or modified drying conditions to achieve a texture comparable 

to the control. Nevertheless, the tray-drying process successfully produced low-moisture, low-aw 

crackers in all formulations. 

3.4. Instrumental Color 

The color parameters of the crackers are presented in Table 4. 

Table 4. CIE L*a*b* color parameters and total color difference of gluten-free cracker 

formulations. 

Formulation L* a* b* ΔE  

C 89.804 ± 0.069a −0.044 ± 0.016a 9.026 ± 0.026a – 

PS 88.206 ± 0.106b 0.508 ± 0.030b 10.140 ± 0.069b 2.02 

RPPS 71.804 ± 0.040c 11.380 ± 0.046c 22.618 ± 0.070c 25.28 

                 * In the table, different letters within the same row indicate a statistically significant 

difference (p<0.05) between groups according to the Duncan test results. 

 

Pepper seed enrichment caused only a slight reduction in L* from 89.804 to 88.206, indicating limited 

visual change. In contrast, RPPS showed a substantially lower L* value (71.804) and higher a* (11.380) 

and b* (22.618) values, indicating a darker and more pronounced red-orange color. These changes are 

associated with the carotenoid pigments of red pepper, whose color properties can be affected by 
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processing and drying conditions [6, 11]. ΔE values were approximately 2.02 between C and PS and 

25.28 between C and RPPS, confirming that red pepper incorporation produced a distinct visual 

difference.  

3.5. Texture Properties 

Breaking force decreased from 18.6 ± 1.4 N in C to 11.9 ± 1.1 N in PS and 15.2 ± 1.3 N in RPPS (p < 

0.05). The lower breaking force of PS may be associated with its higher moisture and water activity, 

which can increase molecular mobility and reduce cracker crispness. Fracturability values were 2.15 ± 

0.18, 3.42 ± 0.25, and 2.76 ± 0.21 mm for C, PS, and RPPS, respectively. The greater deformation of 

PS indicates a less brittle structure, whereas C exhibited the most brittle and crisp characteristics. RPPS 

showed intermediate texture, suggesting that the combined incorporation of red pepper and seed 

modified the structure without the pronounced softening observed in PS. Overall, RPPS provided a 

favorable balance between functional enrichment and texture, maintaining relatively firm and brittle 

characteristics while substantially increasing phenolic and antioxidant properties. 

Table 5. Instrumental texture properties of gluten-free cracker formulations. 

Formulation Breaking Force / Hardness (N) Fracturability (mm) 

Control (C) 18.60 ± 1.40ᵃ 2.15 ± 0.18ᵇ 

Pepper Seed (PS) 11.90 ± 1.10ᶜ 3.42 ± 0.25ᵃ 

Red Pepper + Pepper Seed (RPPS) 15.20 ± 1.30ᵇ 2.76 ± 0.21ᵃᵇ 

              * In the table, different letters within the same row indicate a statistically significant difference 

(p<0.05) between groups according to the Duncan test results. 

 

3.6. Sensory Characteristics 

All formulations were generally acceptable, although pepper-derived ingredients affected individual 

sensory attributes. The control received high scores for taste (7.7 ± 0.7), texture (7.8 ± 0.6), and overall 

acceptability (7.7 ± 0.6), likely reflecting its lower moisture and aw and consequently crisp structure. 

PS showed lower scores for taste (6.5 ± 1.0), texture (6.4 ± 0.9), and overall acceptability (6.6 ± 0.8). 

These results may be associated with its higher moisture and aw as well as the characteristic flavor of 

pepper seeds. 

RPPS exhibited the most favorable enriched formulation profile, receiving the highest color score (8.1 

± 0.6) and a high appearance score (7.8 ± 0.7). It also received favorable scores for odor (7.4 ± 0.7), 
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taste (7.1 ± 0.8), texture (7.2 ± 0.8), and overall acceptability (7.4 ± 0.7). Its characteristic red-orange 

color was consistent with the instrumental color results.  

Table 6. Sensory evaluation scores of gluten-free cracker formulations. 

Sensory Attribute Control (C) Pepper Seed (PS) Red Pepper + Pepper Seed (RPPS) 

Appearance 7.6 ± 0.8ᵃ 7.1 ± 0.9ᵃᵇ 7.8 ± 0.7ᵃ 

Color 7.4 ± 0.7ᵇ 6.9 ± 0.8ᵇ 8.1 ± 0.6ᵃ 

Odor 7.3 ± 0.8ᵃ 6.8 ± 0.9ᵃ 7.4 ± 0.7ᵃ 

Taste 7.7 ± 0.7ᵃ 6.5 ± 1.0ᵇ 7.1 ± 0.8ᵃᵇ 

Texture 7.8 ± 0.6ᵃ 6.4 ± 0.9ᵇ 7.2 ± 0.8ᵃ 

Overall Acceptability 7.7 ± 0.6ᵃ 6.6 ± 0.8ᵇ 7.4 ± 0.7ᵃ 

Note: Values are expressed as mean ± standard deviation. Different superscript letters within the 

same row indicate significant differences among formulations (p < 0.05). Sensory evaluation was 

performed using a 9-point hedonic scale (1 = dislike extremely, 9 = like extremely). 

 

4. CONCLUSION 

This study demonstrated the potential of freeze-dried red pepper and pepper seed powders as functional 

ingredients for gluten-free cracker production. Pepper enrichment increased antioxidant capacity, with 

values ranging from 49.126 ± 6.944 µmol TE/g in the control to 59.504 ± 0.795 µmol TE/g in RPPS. 

Total phenolic content showed a more pronounced increase, reaching 1.512 ± 0.095 mg GAE/g in RPPS, 

approximately ten times higher than the control. Protein content also increased to 4.758 ± 0.164% in PS 

and 4.922 ± 0.109% in RPPS. Enrichment affected moisture, water activity, and color characteristics. 

PS exhibited the highest moisture and water activity, suggesting the need for further optimization of 

drying conditions, whereas RPPS produced a distinct red-orange color with higher a* and b* values. 

Overall, RPPS showed the most favorable functional profile, combining increased phenolic content, 

protein and antioxidant capacity with natural coloration. Pepper seeds also offer potential as value-

added ingredients by contributing proteins, lipids, dietary fiber, and bioactive compounds while 

supporting the utilization of processing by-products. Overall, freeze-dried red pepper and pepper seed 

powders show promise for developing antioxidant-enriched gluten-free snack products. Further 

research should focus on optimizing drying conditions and evaluating texture, sensory acceptance, and 

storage stability. 
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Abstract  

Phishing URL detectors often report strong results on benchmark datasets, but these results can change 

when the models are tested on data on another source. This study questioned whether cross-dataset 

evaluation gives a reliable picture when the two datasets overlap and have different class distributions. 

We compare two public datasets, PhiUSIIL and LegitPhish, at the URL and registrable-domain levels 

and find 36,945 shared URLs and 36,531 shared registrable domains. All shared URLs are labelled 

legitimate in both datasets, with no label disagreements. Cleaning the overlapping domains removes 

99.27% of the legitimate URLs while only 2.93% of the phishing URLs in LegitPhish, so the external 

test set is 99.56% phishing. We evaluate Logistic Regression and XGBoost on lexical URL features. 

On the external set, both models have very high false-positive rates (90.18% and 94.55%), yet the ROC-

AUC of XGBoost stays at 0.967 on both the internal and external sets. The rise in false positives 

therefore appears to be from applying a fixed decision threshold to a very different class distribution, 

and not from a full loss of discrimination. SHAP analysis shows that high agreement in feature ranks 

does not mean stable explanations, because some feature contributions change direction across datasets. 

Dataset overlap, class composition, decision threshold and explanation stability should all be checked 

when phishing detectors are evaluated across datasets. 

 

Keywords: Phishing URL detection, Machine learning, Cross-dataset evaluation, Dataset 

decontamination, Explainable artificial intelligence 
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1. INTRODUCTION 

Machine learning classifiers for phishing URL detection often report accuracy above 97% on 

public benchmarks [1], [2], [3] . These results have not carried over to deployment, where detection 

systems still produce more false positives than security teams can handle [4] . The gap is increasingly 

blamed on how models are evaluated more than on model capacity [5], [6] . Most detectors use lexical 

features of the URL string, which need no network resolution [7], [8] , and many report accuracy without 

explaining which features drive the predictions [9], [10] . Explanations such as SHAP are usually 

computed inside a single dataset [11]. 

Cross-dataset evaluation, which trains on one corpus and tests on another, is the standard way 

to probe the benchmark. Mia et al. [12]  combined it with SHAP and found that accuracy fell to 51% 

and 59% across corpora and that the contribution direction of individual features reversed between 

datasets. Later studies report similar degradation [13], [14] . This approach assumes that the two corpora 

are independent. If they share records, the external test set is partly an internal one and the estimate is 

optimistic, an instance of the data snooping pitfall described by Arp et al. [5] . Duplication, inconsistent 

labelling and URL overlap have been documented in phishing corpora [14] [15] , but independence is 

rarely measured in cross-dataset studies, and to our understanding no study report an overlap audit. 

This study, [12]  documented cross-dataset SHAP instability but do not audit whether their 

corpora are independent. Afonso et al. [5] also, studied overlap and duplication across public phishing 

corpora but do not examine whether the overlap is asymmetric across the legitimate and phishing 

classes, or whether it affects explanation stability. Arp et al. [5], also warn about class distributions that 

differ from deployment, which makes the class balance of an external set part of the same question. We 

connect these by asking whether the composition of the overlap, and of the decontaminated test set, can 

influence threshold-dependent performance and SHAP stability. 

We measured this independence for PhiUSIIL [16]  (235,795 URLs) and LegitPhish [17]  

(101,219 URLs). They share 36,945 normalized URLs and 36,531 registrable domains. The obvious 

remedy is decontamination: remove from the external corpus every record that overlaps the training 

corpus. Our central finding is that this remedy is not class-neutral. Legitimate URLs in both corpora 

come from popularity-derived or high-authority pools that largely coincide [18], [19] while phishing 

URLs come from short-lived threat feeds that barely overlap. Domain-level exclusion therefore 

removed 99.3% of the 37,540 legitimate LegitPhish URLs but only 2.9% of its 63,678 phishing URLs, 

and the resulting set of 62,087 records is 99.56% phishing. A classifier that always predicts phishing 
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would reach 99.56% accuracy on it, and our trained models beat that by only 17 and 13 records. The 

false-positive rates above 90% that we report are computed on 275 surviving legitimate URLs, which 

survived because they did not resemble anything in the training data. We call this the decontamination 

paradox: a procedure meant to make cross-dataset evaluation trustworthy can shape the result it is 

supposed to measure. This study, do not argue against decontamination. But argue that its class-

differential effect should be measured and reported. 

The following four Research Question (RQ) shaped the study.  

1. RQ1: how much do the two corpora overlap at the exact URL and registrable domain 

levels, and are the labels of shared URLs consistent?  

2. RQ2: how does decontamination change the size and class composition of the external 

set? 

3. RQ3: how do estimates at a frozen decision threshold compare with threshold-free 

discrimination and a majority-class baseline?  

4. RQ4: do SHAP rank-stability measures capture the stability of explanations, including 

the direction of feature contributions?  

To our knowledge, this is the first overlap and label-consistency audit of this benchmark 

pair. 

2. MATERIAL AND METHODS 

Corpora. PhiUSIIL contains 235,795 URLs (134,850 legitimate, 100,945 phishing) [16] and 

LegitPhish contains 101,219 URLs (63,678 phishing, 37,540 legitimate) [17]. Both use 1 = legitimate 

and 0 = phishing, and we mapped both to 0 = legitimate and 1 = phishing. PhiUSIIL takes its legitimate 

URLs from a domain popularity source and its phishing URLs from public threat feeds. LegitPhish 

takes its legitimate URLs from outbound links on high-authority reference sites and from search-engine 

results, and its phishing URLs from threat-intelligence feeds. Before looking at the overlap, we 

predicted that it would be concentrated in the legitimate class and that overlap based exclusion would 

remove legitimate records at a much higher rate than phishing records. 

Decontamination. Each URL was lower cased, International Domain Names in Applications 

(IDNA) decoded and stripped of its fragment, keeping scheme, path and query. Hostname and 

registrable domain (eTLD+1) were derived with an offline Public Suffix List. Within each corpus, 

records with missing or invalid URLs or labels were removed, URLs that occur under both labels, and 

same label duplicates (first occurrence kept). This left 234,687 PhiUSIIL and 100,196 LegitPhish 
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unique URLs. Then removed from LegitPhish every record whose registrable domain occurs in 

PhiUSIIL (38,109 records). The remaining 62,087 records (275 legitimate, 61,812 phishing) form the 

external set. URLs were processed as text only and were never visited or resolved. 

Features and models. All 29 features are computed from the URL string alone. PhiUSIIL was 

split by registrable domain into training (164,273 rows), validation (35,207) and internal test (35,207) 

sets, with no domain in more than one set. The external set was not used for model selection. Logistic 

Regression is the linear baseline (standardized features, L2 regularization with C = 1.0, lbfgs solver, 

class-balanced weights). XGBoost uses the binary:logistic objective, scale_pos_weight = 1.378, 300 

trees, maximum depth 6, learning rate 0.05, subsample 0.80 and colsample_bytree 0.80. 

Hyperparameters were fixed defaults, not tuned, and the random seed was 42. Decision thresholds were 

chosen on the validation set by maximizing the Matthews Correlation Coefficient (MCC) and then 

frozen for all later evaluation: 0.18 for Logistic Regression and 0.115 for XGBoost. 

Metrics and explanations. We report accuracy, precision, recall, F1-score, false positive rate 

(FPR), MCC, ROC-AUC and PR-AUC. ROC-AUC and PR-AUC are computed over all thresholds and 

are reported next to threshold dependent metrics, because the external set has a very different class prior 

from the training corpus. Every evaluation set is also scored against a majority class baseline, since 

accuracy can mislead under severe imbalance [20]. Proportions come with Wilson 95% confidence 

intervals and ROC-AUC with stratified bootstrap 95% percentile intervals (400 resamples). For SHAP 

[21] exact linear contributions for Logistic Regression and TreeSHAP for XGBoost was used. Because 

the external set is 99.56% phishing, global attributions were computed on two cohorts per evaluation 

set: a balanced cohort (275 legitimate and 275 phishing records) and a phishing only cohort (5,000 

records). Global importance is the mean absolute Shapley value. Then we compare internal and external 

rankings with Spearman’s ρ, top 10 Jaccard overlap, signed direction consistency and mean absolute 

rank difference. 

3. RESULTS AND DISCUSSION 

Overlap and the cost of decontamination. Table 1 summarises the audit. All shared URLs are 

labelled legitimate in both corpora, no phishing URL is shared, and no shared URL has conflicting 

labels. The corpora are therefore not independent, and the makeup of the overlap matters more than its 

size. Because the labels always agree, the redundancy reflects a common sampling frame and not a 

labelling defect, as predicted in Section 2. Decontamination acts almost only on one class, with an 

attrition ratio of about 34:1. 
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Table 1. Overlap between PhiUSIIL and LegitPhish, and class attrition in LegitPhish after decontamination. 

Quantity Count Share 
Shared unique normalized URLs 36,945 36.87% of LegitPhish 
Shared unique registrable domains 36,531 58.17% of LegitPhish 
Legitimate URLs removed 37,265 of 37,540 99.27% 
Phishing URLs removed 1,866 of 63,678 2.93% 
Phishing URLs in external set 61,812 of 62,087 99.56% (62.9% originally) 
 

The exclusion granularity does not explain this. Out of all the 37,540 legitimate URLs in 

LegitPhish, 36,945, nearly (98.4%) are exact duplicates of PhiUSIIL records, and would be removed 

even under the least restrictive criterion, so no granularity leaves an independent external set with a 

usable legitimate class. The 275 surviving legitimate URLs are, by construction, those that did not 

overlap with the training corpus. The external set is therefore not a harder version of the same task but 

a population selected for its dissimilarity from the training data. Results on it show how the models 

behave on unusual legitimate URLs, not whether they generalise to independent legitimate traffic. 

Skipping decontamination is not defensible either, since 58.17% of the registrable domains are shared. 

Its effect on class composition decides what the evaluation can measure, so it should be reported. 

Model performance. Table 2 shows strong internal performance, with Logistic Regression 

slightly ahead of XGBoost. On the external set, performance at the operating point seems to collapse. 

Logistic Regression labels 248 of 275 legitimate URLs as phishing (FPR 90.18%, 95% Wilson interval 

86.1–93.2%) and XGBoost does so for 260 of 275 (94.55%, 91.2–96.7%). Accuracy, precision, recall 

and F1 all exceed 0.99, however, this mainly reflects the 99.56% phishing prevalence. Mostly, 

predicting phishing gives 99.557% accuracy and an F1 of about 0.998, and the trained models beat this 

baseline by only 17 and 13 correctly classified records out of 62,087. MCC, which uses all four 

confusion-matrix cells and is more informative under imbalance [20] , falls from 0.874 and 0.837 

internally to 0.267 and 0.219 externally. PR-AUC depends on class prevalence [22] , so we do not use 

it to compare the sets. 

Table 2. Internal and external performance with the majority-class baseline (LR = Logistic Regression, XGB = XGBoost; 

accuracy and FPR in %). 

Model, set Acc. Prec. Rec. F1 FPR MCC ROC-AUC 
LR, internal 93.76 0.955 0.899 0.926 3.29 0.874 0.9755 
XGB, internal 91.98 0.921 0.892 0.907 5.89 0.837 0.9669 
Majority, external 99.56 0.996 1.000 0.998 100 0.000 - 
LR, external 99.58 0.996 1.000 0.998 90.18 0.267 0.8605 
XGB, external 99.58 0.996 1.000 0.998 94.55 0.219 0.9669 
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Two results qualify this collapse (Figure 1). XGBoost reaches a ROC-AUC of 0.967 on the 

internal test set (95% CI 0.965–0.969) and 0.967 on the external set (0.957–0.976), so we find no clear 

evidence of a change in discrimination. Logistic Regression falls from 0.9755 to 0.8605, with non-

overlapping intervals. ROC-AUC summarises ranking across all thresholds and is not affected by the 

class prior in the way threshold-dependent metrics are. For XGBoost, what changed is therefore the 

relationship between the frozen threshold and the evaluation set: the threshold was chosen where 

phishing prevalence was 43.6% and applied where it is 99.56%, and the surviving legitimate URLs were 

selected by the procedure, so their score distribution need not match that of the internal legitimate URLs. 

The same threshold gives an FPR of 5.9% internally and 94.5% externally although the two ROC curves 

are almost identical. We therefore read the collapse at the operating point as threshold transfer under a 

new class prior, not as a failure of the learned representation. For Logistic Regression both a loss of 

discrimination and threshold transfer are present. A cross-dataset evaluation that reports only the FPR 

at a transferred threshold cannot tell which of these explains poor results. When discrimination is 

preserved, re-selecting the threshold on data representative of deployment is an operational fix. When 

it degrades, recalibration alone cannot solve the problem. 

 

 

Figure 1. ROC curves on the internal test set (solid) and the decontaminated external set (dashed), with the frozen 

decision threshold marked on each curve. 

Attribution stability. Table 3 shows that XGBoost preserves rank order more closely on three 

of the four measures, while Logistic Regression has the higher top10 Jaccard index, so which model 

looks more stable depends on the measure. The order is unchanged on the phishing only cohort (ρ = 

0.556 for Logistic Regression and 0.923 for XGBoost). 



  

6th International Natural Science, Engineering and Material Technologies Conference 

Sep 10-12, 2026, Famagusta, Northern Cyprus 

18 
 

Table 3. Cross-dataset stability of global feature attributions (balanced cohort). 

Measure Logistic Regression XGBoost 
Spearman ρ 0.651 0.918 
Top-10 Jaccard index 0.667 0.538 
Signed-direction consistency 0.621 0.793 
Mean absolute rank difference 4.34 2.00 

 

Two properties qualify the Spearman coefficient. First, nine of the 29 features receive exactly 

zero importance from XGBoost on both sets. They share tied ranks and add agreement without reflecting 

preserved discriminative behaviour. Second, preserved rank does not mean preserved meaning. Table 4 

lists three XGBoost features whose mean signed contribution reverses. The most important internal 

feature, has_https_scheme, pushes predictions toward legitimate internally but keeps rank 2 externally 

while pushing toward phishing. A rank-based measure treats these features as stable although their effect 

flips, in line with earlier reports of sign changes under dataset shift [12]. For Logistic Regression, the 

instability is concentrated in has_ip_address (rank 26 to 4) and has_explicit_port (rank 29 to 5). These 

structural features are more common among the surviving external records, and XGBoost gives them 

zero importance on both sets. This plausibly explains part of the difference between the models, but it 

does not show that tree ensembles are generally more robust. We treat these comparisons as descriptive 

and did not run a statistical test of attribution invariance. 

Table 4. XGBoost features whose contribution direction reverses between the internal and external sets (mean signed 

SHAP value). 

Feature Internal rank Internal mean External rank External mean 
has_https_scheme 1 −0.656 2 +2.247 
path_length 3 −0.134 1 +3.506 
path_depth 10 −0.022 5 +0.759 

 

Implications and limitations. Researchers running cross-dataset evaluations should report the 

effect of decontamination on class composition, describe the class balance and provenance of the 

external set, and pair threshold dependent metrics with a threshold free measure. A single rank 

correlation is not enough to describe attribution stability, so directional consistency should be reported 

and zero importance features identified. Practitioners should re-select thresholds on data representative 

of the intended deployment instead of transferring one chosen under a different class composition, 

although this cannot offset a real loss of discrimination. Our findings concern one benchmark pair. The 

mechanism, class asymmetric overlap from shared legitimate URL provenance, is plausible for other 

corpora that combine popularity based legitimate sources with independent threat feeds [18], [19] , but 

we did not test a second pair and treat it as a hypothesis. The external legitimate class has only 275 
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records, so the intervals are wide and the balanced SHAP cohort inherits this limit. We did not evaluate 

the non-decontaminated pair, so this is not a before and after comparison. All features are lexical, so the 

findings should not be extended to detectors that use host-based, content-based or visual features. Future 

work should evaluate a second, independently sourced legitimate set, such as a dated Tranco snapshot, 

under several class priors, and apply the class-disaggregated overlap audit to other corpus pairs. 

4. CONCLUSION 

PhiUSIIL and LegitPhish should not be treated as independent for cross-dataset evaluation. 

Because, they share 36,945 URLs and 36,531 registrable domains, and every shared URL is labelled 

legitimate in both corpora, which is consistent with shared popularity or authority derived sources. 

Removing the overlap deletes 99.27% of LegitPhish’s legitimate class but only 2.93% of its phishing 

class, leaving an external set that is 99.56% phishing instead of 62.9%. At the transferred threshold both 

models have very high FPRs (90.18% and 94.55%), yet the ROC-AUC of XGBoost stays at 0.967, 

while that of Logistic Regression falls from 0.9755 to 0.8605. For XGBoost, the collapse at the 

operating point therefore mostly reflects threshold transfer under a new class prior and not a loss of 

ranking ability. SHAP results show that rank preservation can coexist with reversed contribution 

direction. Neither decontamination nor explanation stability can be judged by a single headline metric: 

class composition, operating threshold and attribution direction should all be examined when cross-

dataset results are interpreted. 
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Abstract  

Air infiltration rate is volumetric rate of air leakage into a space through adventitious cracks and gaps 

in the building envelope. Typical paths for infiltration are window joints, door cracks, chimneys, ceiling 

light fixtures and general imperfections in the building envelope. It is an important parameter as it 

affects the indoor air quality, hence comfort and energy consumption of the buildings. This work is an 

effort to measure and evaluate the air infiltration rate of an office module using tracer gas concentration 

decay method.  

The office module is on top floor (third floor) of a building which is located at Famagusta North Cyprus. 

CO2 which is naturally exhaled by the occupant of the office during the working hours was used as the 

tracer gas. Testo 400 universal indoor air quality instrument together with CO2 measuring probe and 

differential pressure sensor were employed for measuring the decay of the CO2 concentration in ppm 

and outdoor-indoor pressure difference in Pa during the unoccupied hours. The simplified tracer mass 

balance equation i.e. tracer decay equation, was used to evaluate the infiltration rate of the office 

module. The measurements were done during different days having different outdoor-indoor pressure 

differences in order to reveal relation between the air infiltration rate and outdoor-indoor pressure 

difference.  

It is found that the minimum infiltration rate occurred as 4.5 m3/h when the outdoor-indoor pressure 

difference is minimum at 0.5 Pa and maximum infiltration rate occurred as 47.7 m3/h when the outdoor-

indoor pressure difference is maximum at 6.3 Pa. 

Keywords: Infiltration, Tracer gas, Temporal evolution of CO2, Outdoor-indoor pressure difference 
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1. INTRODUCTION 

Air infiltration rate is volumetric rate of air leakage into a space through adventitious cracks and 

gaps in the building envelope under natural conditions [1]. Typical paths for infiltration are window 

joints, door cracks, chimneys, ceiling light fixtures and general imperfections in the building envelope 

[2]. It is an important parameter as it affects the indoor air quality, hence comfort and energy 

consumption of the buildings. This work is an effort to measure and evaluate the air infiltration rate of 

an office module using tracer gas concentration decay method. 

Ventilation is the process of fresh air delivery to the spaces for the comfort and wellbeing of the 

occupants. It is also the process of thermal energy delivery by distributing the conditioned air to the 

spaces [1]. There are different methods for measuring the ventilation rates such as tracer gas method, 

pressurization method, thermography etc. The measurement technique to be selected varies depending 

on what will be measured e.g. infiltration, airtightness or air permeability as these are different concepts. 

Infiltration is the uncontrolled volumetric air flow rate into the space which occurs naturally, whereas 

airtightness is the volumetric air flow rate through the envelope of a building or room when subject to 

pressure differential of usually 50 Pa. Air permeability on the other hand is the volumetric air leakage 

rate per square metre of building envelope area [3,4]. Since airtightness and air permeability 

measurements require significant pressure differential pressurization method should be employed 

whereas for infiltration measurement there is not necessary to apply mechanical pressurization, hence 

tracer gas method is used in this study. 

In tracer gas method an inert gas is released in the room and the sensors placed in the room are 

used to measure the temporal evolution of the concentration of the respected gas. The rate of decay of 

the gas is directly related to the infiltration characteristics the room [3]. In the literature there are 

numerous studies using this method to find the infiltration rate for spaces [5-9]. 

 2. MATERIAL AND METHODS  

The office module is on top floor (third floor) of the Civil Engineering Department building 

which is in the campus of the Eastern Mediterranean University at Famagusta, North Cyprus. It is a 

typical office module out of many that exists not only in Civil Engineering Department building but 

also in other engineering department buildings namely, Industrial, Computer and Electrical Engineering 

buildings. The office module has a single exterior-facing façade, which incorporates a 1.2 m × 1.8 m 
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window oriented toward the northwest. It is laterally enclosed by two identical modules and connected 

to an internal corridor through a door. The module’s floor area and volume are 16.75 m2 and 50.25 m3 

respectively and its height from the floor to the ceiling is 3 m. Site plan of the Civil Engineering building 

and office module’s location within the building is shown in Figure 1, whereas its plan and elevation 

view is illustrated in Figure 2. 

 

Figure 1. Site plan of the Civil Engineering building and office module’s location within the building.  

 

Figure 2. Plan and elevation view of the office module. 

CO2 which is naturally exhaled by the single occupant of the office during working hours was 
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accumulation of the CO2. When the occupant leaves the office the measurement and logging of the CO2 

concentration was initiated. Testo 400 universal indoor air quality instrument together with CO2 

measuring probe and differential pressure sensor were employed for measuring the decay of the CO2 

concentration in ppm and outdoor-indoor pressure difference in Pa during the unoccupied hours. The 

next day when the occupant comes to the office the measurement and the logging was stopped. Testo 

400 universal indoor air quality instrument, CO2 measuring probe and the tripod equipped with the 

Testo 400 and the probes which positioned in the office module are presented in Figure 3, whereas the 

probes’ measuring range, accuracy and resolution are given in Table 1.  

 

Figure 3. Testo 400 universal indoor air quality instrument and CO2 measuring probe. 

Table 1. Testo 400 probes’ measuring range, accuracy and resolution. 

Probe  Measuring Range Accuracy Resolution 

CO2 probe 0 to 10000 ppm CO2 50 ppm+ %3 of m.v. 1 ppm 

Differential 

Pressure -100 to +200 hPa* ± (0.3 Pa + 1 % of m.v.) 0.001 hPa 

* 1 hPa=100 Pa 

 

The temporal evolution of concentration of a pollutant (CO2 for this work) in a room equipped 
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𝑑𝐶(𝑡)

𝑑𝑡
=
𝐺

𝑉
+ 𝑁. 𝐶𝑒𝑥𝑡 −𝑁. 𝐶(𝑡) − 𝐴 − 𝑆 (1) 

where, C(t) is the instantaneous concentration of the CO2 (mg/m3), G is the CO2 generation rate 

(mg/h), V is the room volume (m3), N is the air change rate (h-1) which is given in equation (2), Cext is 

the outdoor air CO2 concentration (mg/m3), A is the rate of CO2 removal by the air purifier (mg/h.m3) 

and S is the CO2 sorption rate of the room surfaces (mg/h.m3).  

𝑁 =
𝑄

𝑉
 (2) 

where Q is the infiltration rate in m3/h. 

Equation (1) reduces to equation (3) in the absence of an air purifier and neglecting the CO2 

sorption by the room surfaces which are the conditions for the current work [8, 9]. 

𝑑𝐶(𝑡)

𝑑𝑡
=
𝐺

𝑉
+ 𝑁. 𝐶𝑒𝑥𝑡 − 𝑁. 𝐶(𝑡) (3) 

The room volume, V, external air’s CO2 concentration rate, Cext and air change rate of the room, 

N, for the given conditions are constant and G=0 as there is not any CO2 emission during the unoccupied 

hours. Rearranging equation (3) and integrating it from initial time t=0 where C=C0 (initial CO2 

concentration) to time t where C= C(t), equation (4), which gives the CO2 concentration at a time, is 

obtained [8, 9]. 

𝐶(𝑡) = 𝐶𝑒𝑥𝑡 + (𝐶0 − 𝐶𝑒𝑥𝑡). 𝑒
−𝑁𝑡 (4) 

Equation (4) can be rewritten as below. 

𝐶(𝑡) − 𝐶𝑒𝑞𝑢𝑖 = (𝐶0 − 𝐶𝑒𝑞𝑢𝑖). 𝑒
−𝑁𝑡 (5) 

where, Cequi and C0 are equilibrium and initial concentrations of the CO2 respectively, whereas 

t is the time elapsed. The equilibrium concentration of the CO2 is the concentration at steady state, which 

is equal to the external CO2 concentration, Cext, since the decay of the CO2 concentration will lead to 

Cequi=Cext as t→ ∞. Note that the units of all CO2 concentration terms in equation (4) (C(t), Cequi, C0) are 

considered as ppm whereas N is 1/h and t is h. 
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Equation (5) then can be put in the form of exponential decay equation as below. 

𝑌 = 𝐾. 𝑒−𝑁𝑡 (6) 

where, Y=C(t)-Cequi and K= C0-Cequi. 

 

It is also possible to linearize equation (6) in order to obtain linear form of the decay equation. 

If natural logarithm of both sides of equation (6) is taken, linearized decay equation is achieved as 

equation (7) which is in the form of equation of line given in equation (8). 

ln[𝐶(𝑡) − 𝐶𝑒𝑞𝑢𝑖] = −𝑁𝑡 + 𝑙𝑛(𝐶0 − 𝐶𝑒𝑞𝑢𝑖) (7) 

𝑌 = 𝑚𝑡 + 𝑏 (8) 

where Y= ln[C(t)-Cequi] and b= ln(C0-Cequi). 

During the tests C(t) values were measured and logged in ppm at every 5 minutes. Tests were 

done in three different days having different average outdoor-indoor pressure differences (ΔPavg) over 

the measurement period.   Cequi which is the outdoor air’s CO2 concentration rate was considered as 400 

ppm which is the typical value for a non-polluted area. C(t)-Cequi values for each time step are evaluated 

and entered to Excel spreadsheet program. Subsequently the C(t)-Cequi vs time scatter plots were 

generated, exponential curves were fitted and equations in the form of equation (6) were generated for 

each day. Subsequently the air change rates, N, were obtained.   

3. RESULTS AND DISCUSSION 

The measurement and logging of the CO2 concentration and outdoor-indoor pressure difference 

was performed for three different days. The days were selected based on the ΔPavg over the measurement 

period. It is essential to have meaningful ΔPavg variation among different days to be able to observe the 

variation of N against ΔPavg. The CO2 concentration and ΔP scatter plots, exponential curves fitted to 

CO2 concentration data points, ΔPavg, and equations of the fitted curves together with the R2 values are 

given in Figure 4, Figure 5 and Figure 6 for day 1, day 2 and day 3 respectively. 
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Figure 4. Results for Day 1 (ΔPavg=0.5 Pa). 

 

Figure 5. Results for Day 2 (ΔPavg=4.1 Pa). 

 

Figure 6. Results for Day 3 (ΔPavg=6.3 Pa). 
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 It is seen in above figures that day 3 has the highest ΔPavg as 6.3 Pa, whereas day 1 has the lowest 

ΔPavg as 0.5 Pa. Day 2’s ΔPavg lies between day 1 and day 2 with a value of 4.1 Pa. Fitted exponential 

curves for each day have high R2 values, very close to 1, indicating a strong match between the data 

points and the curve. As anticipated, highest N is obtained in day 3 when the ΔPavg is the highest 

whereas, the lowest N is obtained in day 1 when the ΔPavg is the lowest. It is also evident in the figures 

that the gradient of the CO2 concentration decay curve for day 3 is maximum suggesting faster decline 

of CO2 concentration when the ΔPavg is maximum. In contrast gradient of the CO2 concentration decay 

curve in day 1 which has the lowest ΔPavg, is minimum demonstrating slower drop of CO2 concentration 

when the ΔPavg is minimum. This phenomenon can also be observed in Figure 7 which presents the 

linearized decay curves. Figure 8 on the other hand shows the variation of Q with respect to ΔPavg and 

Table 2 presents the summary of the results. 

 

Figure 7. Linearized decay curves. 

 

Figure 8. variation of Q with respect to ΔPavg. 
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Table 2. Summary of the results. 

Day #  ΔPavg (Pa) 
Exponential 

decay eqn. 
R2 

Linear decay 

eqn. 
N (h-1) Q (m3/h) 

1 0.5 Y= 469.84e-0.09t 0.98 Y = -0.09t + 6.15 0.09 4.5 

2 4.1 Y= 414.49e-0.43t 0.98 Y = -0.43t + 6.03 0.43 21.6 

3 6.3 Y= 398.82e-0.95t 0.99 Y = -0.95t + 5.99 0.95 47.7 

 

4. CONCLUSION  

In this work infiltration rate for an office module located in a building at Famagusta, North 

Cyprus is measured through tracer gas concentration decay method. CO2 exhaled by the occupant of the 

office was used as the tracer gas. Tests were done in three different days with meaningful different 

outdoor-indoor pressure differences in order to reveal the effect of ΔP on infiltration. It is found that 

infiltration rates of the office are 4.5, 21.6 and 47.7 m³/h for ΔPavg values of 0.5, 4.1, 6.3 Pa respectively. 

Higher outdoor-indoor pressure corresponded to faster CO₂ decay leading to higher infiltration rate. 

Air infiltration rate and airtightness of buildings of Cyprus are understudied hence this work will 

be vanguard for the larger campaign of generating the air infiltration characteristics of the buildings of 

Cyprus. It is intended to carry out the proposed approach for a sample of office spaces and residential 

buildings in order to reveal the air infiltration rate characteristics and behaviour of typical Cyprus 

buildings. The outcomes obviously will be used for comfort and energy studies in buildings. 
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Abstract  

 

This study examines how an air-cooled chiller performed during off-peak season in the library building 

at Eastern Mediterranean University in North Cyprus, using field measurements.  This work is also an 

attempt to develop an early-stage calibrated energy model of the library building. Energy drawn by the 

building, its chiller, along with outdoor air temperature and global solar radiation, was monitored from 

24 October to 23 November. Over this period, the building used 33.2 MWh of active energy, with 7.0 

MWh consumed by the chiller, which operated at an average power factor of 0.65. The findings revealed 

a clear daily cycling pattern, frequent shutdowns, and lower peak power demand as outdoor 

temperatures dropped. Chiller demand also rose around midday as solar radiation increased, while 

analysis of selected days showed a 0.5 to 1 hour delay between peak weather conditions and peak chiller 

demand, reflecting the effects of building thermal inertia and control system response. The 

DesignBuilder model was able to capture the general operating behaviour reasonably well, including 

on/off cycling and shutdown periods, but it overestimated peak power, suggesting that additional 

calibration is still needed. 

Keywords: Chiller, Energy monitoring, Energy modelling, Building energy efficiency 

 

 

 

 

 

mailto:MAHMOUD.N.A.MAHMOUD@emu.edu.tr
mailto:murat.ozdenefe@emu.edu.tr


  

6th International Natural Science, Engineering and Material Technologies Conference 

Sep 10-12, 2026, Famagusta, Northern Cyprus 

32 
 

1. INTRODUCTION 

Buildings’ share in the energy consumption is one of the largest in the world among the other 

sectors.  Breakdown of the energy end-use within buildings shows that heating, cooling and air 

conditioning systems contributes the most to the energy consumption in buildings [1]. For hot climates 

usually air conditioning systems and chillers constitutes the maximum energy consumption share in the 

buildings.  

This study focuses on the investigation of the energy consumption of the chiller, which is for the 

library building located at Famagusta, North Cyprus. Most of the previous research on chillers’ 

performance and energy consumption were done during the hottest months of the year, in which energy 

consumption is the highest [2-4]. But in the spring and autumn, when demand is low, chillers often run 

at less than full capacity for long periods of time. In these situations, the energy consumption and 

efficiency of the system can be very different from what was planned, which can lead to energy use that 

is often underestimated in energy assessments. Hence this study is an effort to investigate real life 

performance of a chiller during the off-peak season (October-November). It is also aimed to generate 

the energy model of the library building and the chiller in order to initiate early-stage calibration process. 

2. MATERIAL AND METHODS  

This study examines the off-peak performance of the air-cooled chiller in the library building at 

Eastern Mediterranean University. The followed approach has two tiers as: (i) building and chiller 

electricity consumption as well as ambient conditions measurements and recording in the field and (ii) 

chiller energy simulation with early-stage energy model calibration using the measurements. 

The actual energy consumption of the library building and its air-cooled chiller is measured 

during an off-peak period i.e. 24th October to 23rd of November. The chiller energy consumption is then 

analyzed considering the active energy as well as the power factor. Outdoor air temperature and global 

solar radiation were also recorded and their effect on energy consumption was investigated. 

A whole-building energy simulation model is also generated and a model calibration attempt is 

done. Building energy modelling and simulation tools are usually used to check building energy 

consumption without the need to measure real data. This can be helpful in many cases, for example 

energy audits and making initial decisions about retrofitting. But the accuracy of the results depends on 

how well the building model is calibrated. To fully calibrate a building a large dataset and long periods 
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of monitoring are required, which is not possible at the beginning of the analysis. But early-stage 

calibration based on a small number of measurements can still provide useful insights 

Measurements and recording: 

The whole building and chiller electricity consumption was measured using a three-phase energy 

analyzer (Fluke1732/1734) with current probes (one for each phase) and voltage test leads (one for each 

phase and one for the neutral). The measurement was done in a three-phase star connection 

configuration, which is common in commercial buildings electrical systems. The energy analyzer and 

the way it is connected in the electrical panel are shown in Figure 1.  

 

  Figure 1. Energy analyzer connections. 

The connections were made for the building and chiller supply, with the current probe direction 

pointing towards the load. A 30-day continuous measurement was done during an off-peak period which 

was from October 24th to November 23rd. The measurement time interval was 1 minute. The dataset 

measured includes active, apparent, and reactive energy, which enables the assessment of energy 

consumption and the electrical performance (power factor). Simultaneously, the ambient temperature 

and global solar radiation were measured. These weather parameters were employed to assess the impact 

of off-peak ambient conditions on chiller energy performance. 

Data Preparation and Analysis: 

1-minute time series data were examined for missing data and time-stamped to synchronize the 

data. Energy performance was aggregated to hourly values to facilitate comparison with weather 

variability. The correlation between chiller energy performance and (i) outdoor air temperature and (ii) 

global solar radiation were assessed through scatter plots.  
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Energy Modelling and Simulation: 

A comprehensive building energy simulation model was created with the DesignBuilder tool to 

calculate the electricity demand of the chiller. The building shape and zoning were defined from the 

available architectural data, while the internal loads and schedules of occupancy, lighting, and 

equipment were set based on the actual operating conditions of the library. The building envelope 

properties were introduced into the simulation model through overall heat transfer coefficients (U-

values), which included 1.832 W/m²K for the external walls, 2.575 W/m²K for the roof, 1.639 W/m²K 

for the internal partitions, 0.705 W/m²K for the ground floor, and 0.705 W/m²K for the internal floors. 

The outcome of the chiller energy use in the building energy model was then compared against the 

actual chiller energy use on the site to verify the accuracy of the building energy model and make any 

necessary adjustments. The real and model view of the library building is shown in Figure 2. 

 

Figure 2. Library and its model. 

 

3. RESULTS AND DISCUSSION 

During the measurement period (24th October-23rd of November), the cumulative active energy 

of the building was 33.2 MWh, with 43.7 MVAh apparent energy and 28.3 MVarh reactive energy, 

indicating an average power factor of 0.76. The cumulative active energy of the chiller was 7.0 MWh, 

with 10.7 MVAh apparent energy and 7.9 MVarh reactive energy, indicating an average power factor 

of 0.65.  

Figure 3 and Figure 4 present the chiller power consumption over the period of October 24th to 

November 23rd together with the ambient temperature and solar radiation. The power consumption 

pattern clearly indicates a daily cycle with frequent shutdown periods (working hours-nonworking hours 

and weekdays-weekends), which is schedule-driven and cyclic in nature. As the ambient temperature 

drops towards the end of November, the peak chiller power consumption also reduces, which is 

consistent with the weather-driven operation during the off-peak period. furthermore, the chiller power 
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consumption also tends to peak during midday hours when the solar radiation is at its highest, which 

indicates that solar gains also make a significant contribution to the cooling load, even when the ambient 

temperature is moderate. the power consumption patterns also show that the chiller power consumption 

frequently cycles between on and off modes when the demand is low, which is consistent with cycling 

operation at part-load conditions 

 

 

Figure 3. Average power and ambient temperature for the measurement period. 

 

Figure 4. Average power and solar radiation for the measurement period. 

Figure 5 and Figure 6 presents the power consumption of the chiller together with the ambient 

temperature and solar radiation during a sample day. It is seen that the chiller peak electrical demand 

occurs after the peak outdoor temperature and solar radiation. Solar radiation and outdoor temperature 

increase throughout the morning and peak in late morning (~11:00-12:00), while chiller power peaks 

around noon (~12:00) and remains relatively high afterwards. This 0.5-1-hour delay is as expected 

because of building thermal inertia and system control response, where solar and outdoor heat gains are 

first absorbed by the building and then converted into cooling load with a time lag. 
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Figure 5. Average power and ambient temperature during a sample day. 

 

Figure 6. Average power and solar radiation during a sample day. 

Figure 7 illustrates the measured and simulated chiller average power. The simulation 

reproduces the main operational behaviour observed in the real data, including distinct on/off periods, 

cycling patterns, and extended shutdown intervals, indicating that the model captures the general 

scheduling and seasonal demand trends. however, simulated power is systematically higher than 

measured, with peak values often substantially overpredicted. 

 

Figure 7. Real vs simulated power consumption. 
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4. CONCLUSION  

In this work the off-peak season energy performance of the library building chiller observed 

over a 30-day period (from October 24th to November 23rd) and explored its relationship with outdoor 

air temperature and global solar radiation. The results of the measured data indicate a strong daily cycle 

with frequent shutdown periods and strong on/off cycling behaviour under low-demand conditions, 

which is typical of part-load operation. during the period of monitoring, the building used 33.2 MWh 

of active energy, with the chiller using 7.0 MWh, and the chiller operated at a relatively low average 

power factor of 0.65, which indicates an opportunity for electrical performance improvement during 

off-peak operation. 

Weather impacts were observed in both the full-period and sample-day analyses. As the ambient 

temperature dropped towards the end of November, the peak chiller power correspondingly decreased, 

which indicates a strong weather-driven component even during the off-peak period. Additionally, 

chiller power increased around midday when solar radiation was at its highest, which indicates that solar 

gains have a strong impact on cooling demand even at moderate temperatures. the sample-day analysis 

also indicated a consistent ~0.5-1 hour lag between the peak of outdoor temperature and solar radiation 

and the peak of chiller electrical demand, which is consistent with the expected building thermal inertia 

and HVAC control system response. 

a whole-building energy simulation model was created in Design Builder software and compared 

against actual chiller power consumption in an early-stage calibration exercise. the simulation was able 

to replicate the overall operating pattern (on/off cycles, tendency to cycle, and shutdown durations) 

satisfactorily, signifying that the model is able to follow the overall operating patterns and seasonal 

demand patterns. at the same time, there was a tendency for the simulation to overestimate power 

consumption, especially during peak periods, signifying that further calibration of loads, plant operating 

characteristics, and control strategies is required. Future efforts will aim to enhance the calibration 

process using additional plant and HVAC data (such as chilled water temperatures/flows, staging 

signals, and more detailed schedules). 

The results of this research can help in understanding chiller performance during off-peak 

periods and also help in validating the early-stage calibration of energy simulation models. the proposed 

approach can be used by energy auditors to provide energy efficiency recommendations and estimate 

the potential energy savings with a higher degree of confidence. 
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Abstract  

This study investigates the electrochemical performance of silver (Ag)-doped multi-walled 

carbon nanotubes (MWCNTs) as anode materials for lithium-ion batteries. Pristine MWCNTs and 

MWCNTs doped with 12 wt% and 32 wt% Ag were comparatively evaluated. The electrodes were 

prepared using 85% active material, 5% conductive carbon black (Super P), and 10% polyvinylidene 

fluoride (PVDF), with N-methyl-2-pyrrolidone (NMP) used as the solvent. The electrochemical 

performance of the prepared electrodes was evaluated through charge–discharge tests. Preliminary 

electrochemical results showed that the pristine MWCNT sample exhibited a specific capacity of 

approximately 80 mAh/g, while the Ag-doped samples showed lower specific capacities. The observed 

decrease in performance may be associated with the Ag distribution and agglomeration on MWCNTs 

walls, electrode design and electrochemical interfacial processes (such as SEI forming). Further 

evaluation of the structural, morphological, and electrochemical results will provide a more 

comprehensive understanding of the effect of Ag doping on the performance of MWCNTs anodes. 

 

 

 

Keywords: Li-ion battery, MWCNTs, silver doping, anode material, electrochemical performance 
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1. INTRODUCTION 

A lithium-ion battery or Li-ion battery is a type of rechargeable battery that uses the reversible 

intercalation of lithium ions (Li+) into electronically conducting solids to store energy. Li-ion batteries 

(LIBs) are recognized as one of the most promising rechargeable batteries due to their long-life span, 

abundant resources, low toxicity, high thermal stability and high energy density [1]. Traditional LIBs 

consist of lithium transition metal oxide cathode and graphite anode (342 mAhg−1); both are typical 

rigid materials. High-performance from LIBs requires arrange of all components, including electrode 

(anode and cathode), electrolyte, and seperator. Among these components, advanced anode design is so 

important to improve charging-discharging process [2].  

Working principle based on that a lithium-ion battery is fully discharged, all lithium (Li+) ions 

are in the cathode while the battery has in charge situation which is connected to an external power 

source. Lithium (Li+) ions (which are positively charged) leave the cathode and move through the 

electrolyte to the anode. The lithiation/delithiation (Li+/Li) in the active materials (anode or cathode) is 

theoretically reversible [3].  

Main parameters of Li-ion batteries are defined as energy density, specific capacity and cycle 

life. They typically exhibit a gravimetric energy density of 150–250 Wh/kg and a volumetric energy 

density of 300–700 Wh/L. Their specific capacity generally ranges from 250 to 7000 mAh/g, depending 

on the application and electrode materials used. In terms of cycle stability, the cycle life of a Li-ion 

battery is defined as the total number of charge–discharge cycles that can be completed before its 

capacity decreases to a specified percentage, typically 70–80% of its initial value. Under conventional 

operating conditions, Li-ion batteries generally provide approximately 300–500 charge cycles, 

corresponding to an average service life of around 2–3 years depending on usage and maintenance 

conditions [4-5]. 

The theoretical lithium intercalation capacity of graphite is 372 mAh/g and it can reach 330–370 

mAh/g and everly decreases in the long-term cycle [6]. Therefore, researchers have resorted to 

composite materials, which combine two or more different components to take advantage of their 

complementary qualities, to improve specific capacity. This approach includes integrating conductive 

carbon matrices with redox-active materials to improve electron transport while reducing structural 

degradation, or mixing carbon nanotubes with porous materials to form hierarchical porous networks 



  

6th International Natural Science, Engineering and Material Technologies Conference 

Sep 10-12, 2026, Famagusta, Northern Cyprus 

41 
 

that enhance electrolyte penetration and ion diffusion, thereby boosting both capacitance and rate 

performance [7].  

As an anode material, multi walled carbon nanotubes (MWCNTs) have remarkable properties 

such as high electrical conductivity, abundant in nature and mechanical stability which arises from 

electron delocalization throughout the tubular structure. However, pristine MWCNTs anodes suffer 

from extremely high (1000 mAh/g) irreversible capacity in the first formation cycle, which prevents 

them from entering the market. In this study, heavily silver doping (12% and 32%) effect on the 

electrochemical performance of MWCNTs and their usage in Li-ion batteries as anode material were 

investigated. 

2. MATERIAL AND METHODS  

In this study, pristine MWCNTs (purity of 96 ≥) and Ag doped (12 wt% and 32 wt%) MWCNTs 

(purity of 99≥) were purchased in Nanografi Company-Ankara/ Turkey. In Table 1, structural 

parameters of pristine and Ag:MWCNTs were shown.   

Table 1. Structural parameters of pristine and Ag-doped MWCNTs 

 

To obtain slurry and then electrode, similar process was applied in this study as shown in Figure 

1. A homogeneous slurry was realized by mixing the active material, conductive additive, binder, and 

solvent in appropriate proportions. In this study, 85% active material, 5% conductive carbon black 

(Super P), and 10% polyvinylidene fluoride (PVDF), with N-methyl-2-pyrrolidone (NMP) were used 

as a solvent to prepare slurry.  Then, the prepared slurry was coated onto a metal foil, which serves as 

the current collector of the electrode. After the coating process, the electrode was dried to remove 

surface impurities at 80 °C. The drying process affects the porosity of the electrode, the distribution of 

the binder, and the formation of conductive pathways. The electrode was cut into according to half-cell 

configuration dimensions and battery components were added and half-cell Li-ion battery was closed. 

 D (nm) Average inside 

parameter (nm) 

Average outer 

parameter (nm) 

Specific Surface 

Area (m2/g) 

Pristine MWCNTs 13 5-10 8-18 220 

12% Ag:MWCNTs 20 5 >50 20-25 

32% Ag: MWCNTs 
(to be fixed in the future) 

20 5 >50 20-25 
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The capacity values were calculated based on the total mass of the active materials. Finally, initial 

charge-discharge tests were investigated for 8 cycle.  

 

Figure 1. Standart slurry and electrode preparation process [8] 

 

3. RESULTS and DISCUSSION 

As shown in Figure 2, theoretical investigation was presented. With increasing the surface area 

for lithium charge-discharge process and emerging synergistic interactions causes a superior 

electrochemical property as compared to pristine MWCNTs in 12% Ag doped MWCNTs electrodes 

[9]. However, unfortunatelly, in 32% Ag: MWNCTs, the adverse effect of the agglomerative silver 

formations on the MWCNTs walls is noteworthy for lithium diffusion and hence SEI forming might be 

observed. 
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Figure 2. Possible charge-discharge process of pristine MWCNTs and Ag: MWCNTs (12% and 32%) 

anode in Li-ion batteries (AI was used in this figure) 

 

In the litrerature, CNT–Ag hybrid structures have been essential components to obtain high-

performance from Li-ion batteries. Among in this approach, the integration of noble metal 

nanostructures with carbon-based materials has emerged as a promising strategy with significant 

potential. In particular, silver nanowires (Ag-NWs) have attracted considerable attention owing to their 

excellent electrical conductivity, mechanical flexibility, and ability to participate in lithium alloying 

reactions. Furthermore, the optimized Ag-NWs/MWCNTs composite exhibits remarkable 

electrochemical performance, achieving a high specific capacity of 817 mAh g⁻¹, superior rate capability 

of 423 mAh g⁻¹ at 5 C, and outstanding cycling stability with a capacity retention of 91.2% after 500 

cycles [9]. 

As shown in Figure 3, the preliminary results obtained from the charge–discharge tests for 8 

cycles indicate that the pristine MWCNT sample exhibited a specific capacity of approximately 80 

mAh/g. This value is considerably lower compared to graphite-based anode materials. The specific 

capacity decreased further in the 12% Ag MWCNTs sample, while the 32% Ag MWCNTs sample 

exhibited a significant decrease in electrochemical performance.The observed decrease in performance 

may be associated with several factors, including a reduction in the electrochemically active surface 

area due to the formation of the SEI (Solid Electrolyte Interphase) layer, agglomeration of Ag particles 

that may limit active sites, or a possible experimental issue during the electrode preparation process 
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[10]. However, further evaluation of the SEM, XRD, FTIR, and Raman analyses, together with the 

electrochemical tests for longer cycles, is required to clarify the underlying causes of this performance 

decrease. 

Figure 3. Specific capacity/voltage versus of pristine MWCNTs and Ag:MWCNTs for 8 cycles  

 

4. CONCLUSION  

In this work, heavily silver doping effect on the electrochemical properties on MWCNTs walls 

was investigated. Ag concentration was arranged set as 12% and 32%. Structural properties of all 

samples and SEM image of pristine MWCNTs were explained. Experimental and theoretical results  

were compared to evaluate the electrochemical properties.The electrochemical performance of the Ag: 

MWCNTs decreased with increasing Ag concentration along 8 cycles. Then, these electrodes will be 

evaluated through charge–discharge for more than 100 cycles.  
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For a proper interpretation of the current results for 8 cycles , it is important to determine the 

chemical forming, particle size, and accumulation of Ag+ ions on the MWCNTs walls should be 

investigated using these techniques; SEM-EDX, FTIR and XRD. Future plan of this study is machine 

learning applying to analyze the electrochemical results and investigate a relationship between the 

electrode and AI system. 
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Abstract  

Activated carbon is one of the most widely used carbon-based adsorbents owing to its high specific 

surface area, well-developed micro- and mesoporous structure, and abundant surface functional groups, 

making it an indispensable material for water and gas purification applications. The adsorption 

performance of activated carbon is strongly influenced by production parameters, including the 

precursor material, activation method, activation temperature, processing time, and chemical activating 

agents. Because of the complex and nonlinear interactions among these parameters, conventional 

statistical approaches are often insufficient to accurately describe and predict adsorption behavior.In 

recent years, artificial intelligence (AI) and machine learning (ML) algorithms have emerged as 

powerful data-driven tools for modeling activated carbon production processes and predicting 

adsorption performance. Approaches such as Artificial Neural Networks (ANN), Random Forest (RF), 

Gradient Boosting (GB), Support Vector Machines (SVM), and Explainable Artificial Intelligence 

(XAI) have demonstrated remarkable capability in learning complex relationships from experimental 

data, enabling accurate prediction of adsorption efficiency while identifying the most influential process 

variables. This review comprehensively examines recent studies employing artificial intelligence-based 

models for predicting activated carbon production characteristics and adsorption performance. The 

published studies are comparatively evaluated in terms of datasets, input parameters, model 

architectures, performance metrics (R², RMSE, and MAE), prediction accuracy, and application fields. 

Furthermore, the strengths and limitations of different AI models are critically discussed regarding 

process optimization and the efficient design of laboratory investigations.The primary objective of this 

review is to provide a comprehensive assessment of the relationship between activated carbon 

production processes and adsorption performance through the perspective of artificial intelligence-

based modeling while highlighting recent advances and emerging research trends in the literature. The 

novelty of this review lies in the systematic comparison of various AI algorithms within a unified 

evaluation framework and in addressing both activated carbon production and adsorption processes 

simultaneously. The comparative analysis indicates that studies involving Explainable Artificial 

Intelligence (XAI), hybrid machine learning models, and real-time digital twin-based optimization 

remain relatively limited. Therefore, future research should focus on developing physically 

interpretable, explainable, and industrially deployable artificial intelligence models capable of 

supporting intelligent optimization and decision-making in activated carbon adsorption systems. 

Keywords: Activated carbon; adsorption; artificial intelligence; machine learning; adsorption 

performance prediction; process modeling; explainable artificial intelligence (XAI) 

mailto:zhala.zada2@ogr.sakarya.edu.tr
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1. INTRODUCTION 

Activated carbon is a carbon-based adsorbent characterized by a highly developed porous 

structure, large specific surface area, and diverse surface functional groups. It is produced from carbon-

rich precursor materials through thermochemical processes such as carbonization and physical or 

chemical activation. These structural and chemical characteristics enable activated carbon to be widely 

used for the removal of pollutants from aqueous and gaseous systems (Marsh & Rodríguez-Reinoso, 

2006). In recent years, biomass and waste-derived materials have attracted increasing attention as 

activated carbon precursors because they provide opportunities for waste valorization and the 

development of relatively economical and sustainable adsorbents (Ioannidou & Zabaniotou, 2007; Tan 

et al., 2015) 

The properties of activated carbon are strongly affected by precursor composition, carbonization 

conditions, activation method, activating-agent type, activation temperature and time, and impregnation 

conditions. These parameters determine the specific surface area, pore volume, pore-size distribution, 

surface chemistry, and yield of the resulting carbon material (Ioannidou & Zabaniotou, 2007; Yahya et 

al., 2015). However, adsorption performance cannot be explained by surface area alone. Pore-size 

distribution, micropore and mesopore volumes, pore accessibility, surface functional groups, and 

adsorbate characteristics may also influence adsorption through mechanisms such as electrostatic 

interactions, hydrogen bonding, surface complexation, and pore filling (Marsh & Rodríguez-Reinoso, 

2006; Thommes et al., 2015). Therefore, activated carbon performance represents a multidimensional 

relationship between production conditions, material properties, and adsorption conditions. 

 

Figure 1.  Activated carbon and representative porous structures illustrating the relationship between carbon 

structure and adsorption behavior 
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The simultaneous effects of numerous production and adsorption variables make activated 

carbon systems challenging to model using conventional approaches. Machine learning (ML) methods 

provide an alternative by enabling complex and nonlinear relationships among multiple variables to be 

modeled simultaneously. Production variables such as precursor type, carbonization and activation 

conditions, activating-agent type, and impregnation ratio can be related to material properties, while 

adsorption variables such as pH, temperature, initial adsorbate concentration, adsorbent dosage, and 

contact time can be incorporated to predict adsorption performance (Foo & Hameed, 2010; Wang & 

Guo, 2020).  

Recent studies have demonstrated the potential of ML for both activated carbon production and 

adsorption modeling. Zou et al. (2024) applied Gradient Boosting Regression (GBR) to literature-

derived data on activated carbon production from lignocellulosic biomass and showed that activation 

temperature and impregnation conditions were important factors affecting material properties. 

Similarly, Long et al. (2024) compiled 3,674 data points from 151 publications on heavy-metal 

adsorption and compared Random Forest, Gradient Boosting Decision Tree, and XGBoost models. 

Their results demonstrated the potential of ML for predicting adsorption capacity, while SHAP analysis 

was used to identify influential variables (Long et al., 2024). 

Beyond prediction, Explainable Artificial Intelligence (XAI) methods such as SHAP provide an 

opportunity to interpret model outputs from a physicochemical perspective. Such approaches can help 

identify which production and adsorption variables contribute most strongly to predicted performance 

and can therefore establish a connection between data-driven modeling and conventional adsorption 

concepts. Importantly, model performance may vary depending on the dataset, target variable, input 

features, and validation strategy; therefore, no single ML algorithm can be assumed to be universally 

optimal for all activated carbon systems. Accordingly, this study aims to comparatively and critically 

examine artificial intelligence- and machine learning-based approaches applied from activated carbon 

production to adsorption performance using current literature data. The study focuses on model 

performance, input variables, validation strategies, influential factors, and the relationships among 

production conditions, physicochemical properties, and adsorption performance from an integrated AI 

perspective. 
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 2. MATERIAL AND METHODS  

2.1 Research Design and Methodology 

This study was conducted as a literature-based comparative investigation of artificial 

intelligence (AI) and machine learning (ML) applications in activated carbon production and adsorption. 

No activated carbon synthesis or new adsorption experiments were performed. Instead, previously 

published experimental and computational studies were reviewed and compared in terms of input 

variables, ML algorithms, validation strategies, performance metrics, and model-interpretability 

approaches. 

The literature analysis focused on three main questions: (i) which production, physicochemical, 

and adsorption variables are commonly used as ML inputs; (ii) which AI/ML algorithms are applied to 

predict activated carbon properties and adsorption performance; and (iii) which variables are identified 

as influential through feature-importance and explainable artificial intelligence (XAI) methods. The 

evaluated variables included precursor type, carbonization and activation conditions, activating agent, 

and impregnation ratio, together with physicochemical properties such as specific surface area, pore 

volume, micropore volume, average pore diameter, and yield. For adsorption applications, pH, initial 

adsorbate concentration, adsorbent dosage, temperature, and contact time were considered. Commonly 

reported algorithms included artificial neural networks (ANN), random forest (RF), gradient boosting 

(GB/GBDT), XGBoost, and support vector machine (SVM). Model performance was primarily 

assessed using R², RMSE, and MAE. Where available, training–validation–test partitioning, cross-

validation, and hyperparameter optimization were also considered. Model interpretation was evaluated 

through feature-importance analyses and XAI methods, particularly SHAP, to identify influential 

variables and relate model predictions to the physicochemical characteristics of activated carbon and 

adsorption systems  

Overall, the methodological framework followed the sequence production conditions → 

physicochemical properties → adsorption conditions → ML prediction → model evaluation and 

interpretation, providing a structured basis for comparing AI-based approaches across activated carbon 

research. 
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2.2 Literature-Derived Data and Target Variables  

The data analyzed in this study were derived from experimental and modeling datasets reported 

in previously published literature on AI- and ML-based applications in activated carbon production and 

adsorption. The reviewed studies included variables related to precursor characteristics, carbonization 

and activation conditions, physicochemical properties, and adsorption operating parameters. Prediction 

targets included specific surface area, pore volume, activated carbon yield, adsorption capacity, and 

removal efficiency.         

Prediction targets were considered when comparing model performance because production-related 

properties and adsorption responses reflect different aspects of activated carbon systems. Therefore, 

reported model performance was interpreted in relation to dataset characteristics, input variables, 

experimental conditions, and prediction objectives.Long et al. (2024) provided a representative 

literature-based dataset comprising 3,674 data points from 151 studies on heavy-metal adsorption using 

carbonaceous adsorbents. RF, GBDT, and XGBoost models were compared, with GBDT achieving an 

R² of 0.9707 and an RMSE of 0.1420. SHAP analysis was also applied to identify influential input 

variables (Long et al., 2024). 

 

          Selected literature-based ML applications are summarized in Table 1, including the carbonaceous 

material, prediction target, input variables, algorithms, evaluation metrics, and reported performance. 

The table provides the basis for the subsequent comparison of ML approaches, predictive performance, 

and influential variables. 
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Table 1. Selected examples of machine learning applications on activated carbon and carbon-based adsorbents reported in 

the literature. 

 

 

      Overall, the literature-derived framework adopted in this study provides a structured basis for 

comparing AI-and ML-based approaches across different stages of activated carbon research. The 

comparison emphasizes the relationships among input variables, prediction targets, algorithm selection, 

validation procedures, predictive performance, and model interpretability. Importantly, the analysis 

does not assume that a single algorithm is universally applicable to all activated carbon systems. Instead, 

reported findings are interpreted in relation to the specific datasets, experimental contexts, prediction 

objectives, and methodological configurations under which the models were developed. 

 

2.3 Data Preprocessing, Model Validation, and Performance Evaluation 

      Literature-derived datasets were processed through data cleaning, unit standardization, missing-

value and duplicate checks, and categorical-variable encoding. Model validation included training–

validation–test partitioning and k-fold cross-validation, while hyperparameter optimization was 

considered where reported (Breiman, 2001; Cortes & Vapnik, 1995; Haykin, 2009). 

 

Model performance was primarily evaluated using R², RMSE, and MAE. Model interpretability was 

examined using feature-importance methods and SHAP, which identifies the magnitude and direction 

of individual feature contributions to predictions (Lundberg & Lee, 2017). These methods support the 



  

6th International Natural Science, Engineering and Material Technologies Conference 

Sep 10-12, 2026, Famagusta, Northern Cyprus 

53 
 

identification of influential process and physicochemical variables in activated carbon and adsorption 

systems. 

 

3. RESULTS AND DISCUSSION 

3.1 Machine Learning Applications from Activated Carbon Production to Adsorption 

Performance 

The reviewed studies demonstrate that ML has been applied to both activated carbon production and 

adsorption performance. At the production stage, models mainly predict physicochemical properties, 

whereas adsorption studies incorporate both adsorbent characteristics and operating conditions. Zou et 

al. (2024) used Gradient Boosting Regression (GBR) to predict specific surface area, pore volume, and 

yield from lignocellulosic biomass. Reported R² values ranged from 0.76 to 0.91, with activation 

temperature and soaking conditions identified as influential variables. At the adsorption stage, Long et 

al. (2024) compared RF, GBDT, and XGBoost using 3,674 observations from 151 studies. GBDT 

achieved an R² of 0.9707 and RMSE of 0.1420, while SHAP analysis was used to identify influential 

variables. Recent studies further reported high predictive performance for CO₂ uptake, heavy-metal 

adsorption, and dynamic breakthrough behavior. Maleki et al. (2026) reported R² = 0.9989 using 

Gradient Boosting for CO₂ adsorption, while Lamsiah et al. (2026) reported R² = 0.9648 for heavy-

metal adsorption using GBR. Shetty et al. (2026) achieved R² = 0.9968 with SVR for fixed-bed 

breakthrough prediction and identified contact time as an important variable. Overall, the findings 

indicate that ML performance varies with the prediction target, dataset, input variables, and adsorption 

system. The principal characteristics of the selected studies are summarized in Table 2. 

Table 2. Selected literature-based machine learning applications in activated carbon production and adsorption research. 

Study Best Model R² 

Zou et al. (2024) GBR 0.91 

Long et al. (2024) GBDT 0.9707 

Maleki et al. (2026) GB 0.9989 

Lamsiah et al. (2026) GBR 0.9648 

Shetty et al. (2026) SVR 0.9968 

Shetty et al. (2026) SVR 0.9968 
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                       Figure 2. Frequency of key variables identified as influential in the reviewed machine-learning-based 

adsorption. 

 

3.2. Comparative Evaluation of Model Performance and Influential Variables 

 

The reported ML performance varies considerably among studies because of differences in 

datasets, prediction targets, adsorbents, experimental conditions, input variables, and validation 

procedures. Therefore, reported R² values should be interpreted within the context of each individual 

study rather than used to rank algorithms. R² values ranged from 0.91 for production-related prediction 

by Zou et al. (2024) to 0.9989 for CO₂ adsorption prediction by Maleki et al. (2026), while Long et al. 

(2024), Lamsiah et al. (2026), and Shetty et al. (2026) reported R² values of 0.9707, 0.9648, and 0.9968, 

respectively. 

 

Ensemble-based methods such as Gradient Boosting and GBDT were frequently applied because 

they can capture nonlinear relationships. However, the strong performance of SVR reported by Shetty 

et al. (2026) indicates that model suitability depends on the dataset and prediction problem.  

 

 

For adsorption applications, initial adsorbate concentration and BET surface area were 

repeatedly identified as influential variables. Pore volume, pH, temperature, and contact time were also 

important, although their contributions varied according to the adsorption system. SHAP analysis can 

further reveal the magnitude and direction of feature contributions; however, these results describe 

model behavior and should not be interpreted as direct causal relationships.  
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3.3 From Production Conditions to Adsorption Performance: Integrated Discussion 

            The reviewed literature supports a production–structure–performance relationship. Precursor 

characteristics and activation conditions influence BET surface area, pore structure, and surface 

chemistry, which subsequently interact with adsorption conditions such as pH, concentration, 

temperature, dosage, and contact time. 

             Activation conditions may produce nonlinear effects on pore development, surface area, and 

yield. ML models are therefore useful for representing complex interactions when sufficient and 

representative data are available. However, model applicability depends on the adsorption 

configuration, such as batch, gas, kinetic, or fixed-bed systems.From an engineering perspective, 

literature-based ML models can support process screening and experimental planning by identifying 

potentially important variables and parameter combinations. Nevertheless, predictions remain 

dependent on data quality and coverage and should be experimentally validated before practical process 

optimization. 

               Overall, AI and ML provide opportunities to connect production conditions, activated carbon 

properties, and adsorption performance, while XAI methods such as SHAP improve the interpretation 

of these relationships. 

 

4. CONCLUSION  

This comparative literature study demonstrates that artificial intelligence (AI) and machine 

learning (ML) have substantial potential as data-driven tools for understanding and predicting activated 

carbon production and adsorption performance. The reviewed studies collectively show that ML 

approaches can capture complex and nonlinear relationships among precursor characteristics, 

production conditions, physicochemical properties, and adsorption parameters. These capabilities have 

been demonstrated for the prediction of specific surface area, pore volume, activated carbon yield, 

adsorption capacity, and dynamic breakthrough behavior. 

A key finding of the comparative assessment is that ML model performance is strongly 

dependent on the prediction target, dataset characteristics, input-variable structure, and validation 

strategy. Although Gradient Boosting-based approaches demonstrated high predictive performance in 

several of the reviewed studies, strong results were also obtained using SVR and other algorithmic 

approaches under specific experimental and data conditions. Therefore, the reviewed evidence does not 
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indicate a universally superior algorithm. Instead, algorithm selection should be determined by the 

characteristics of the dataset, the prediction objective, and the experimental system. 

The comparative analysis further highlights the importance of identifying influential variables 

rather than evaluating models solely according to predictive accuracy. Initial adsorbate concentration 

and BET surface area were repeatedly identified as influential variables in adsorption-oriented studies, 

while pore volume, temperature, pH, and contact time showed importance depending on the specific 

adsorption system. At the production stage, activation temperature and soaking or impregnation 

conditions were identified as important factors affecting activated carbon properties. These findings 

support a process–structure–performance perspective, in which production conditions influence 

material characteristics that subsequently determine adsorption behavior under defined operating 

conditions. 

Another important outcome is the role of explainable artificial intelligence (XAI) in improving 

the scientific interpretation of ML models. Techniques such as SHAP can provide information about 

the relative contribution and direction of individual variables, thereby helping to connect data-driven 

predictions with measurable physicochemical and process characteristics. Consequently, the value of 

ML in activated carbon research extends beyond obtaining high statistical performance; it also lies in 

its ability to generate interpretable information that can support scientific analysis and experimental 

planning. 

Overall, this study emphasizes that the future development of AI-assisted activated carbon 

research should focus on integrating predictive accuracy, model validation, interpretability, 

physicochemical understanding, and experimental verification. Literature-derived ML models can be 

used to screen process conditions, identify promising experimental regions, and reduce unnecessary 

experimental combinations; however, their predictions remain dependent on the quality and 

representativeness of the available data. Future research should therefore prioritize standardized and 

larger databases, consistent reporting of experimental variables, independent validation, uncertainty 

assessment, and physics-informed or hybrid ML approaches. 

In conclusion, the principal contribution of AI and ML in activated carbon research is not simply 

the achievement of a higher R² value, but the development of a transparent and validated framework 

that connects activated carbon production conditions with material properties and, ultimately, 

adsorption performance. Such an integrated process–structure–performance approach can provide a 

stronger basis for data-driven process optimization and experimentally testable material designGAG:Ce 
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phosphor being at 501 K have a general order kinetic model. A whole knowledge of the 

thermoluminescence processes, determining the kinetic parameters is worth further investigation in 

order to design the most suitable dosimeter suitable for UVB. 
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