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Abstract 

Silk is susceptible to deterioration induced by light, heat, and moisture, which leads 
to reduced structural stability and progressive strength loss. However, because destruc‑
tive analysis is fundamentally unsuitable for silk textile cultural heritage, residual tensile 
strength is typically inferred through subjective evaluation. This study aims to quanti‑
tatively analyze deterioration behavior and examine the feasibility of nondestructive 
prediction of the residual tensile strength of silk textile cultural heritage by employ‑
ing indicators that exhibit significant correlations with tensile strength reduction. As 
indicators of tensile strength, protein secondary structure, pH, moisture regain, yellow 
index, and K/S value were measured in artificially aged silk textiles. Results showed 
that tensile strength was not significantly influenced by differences in deterioration 
environments but correlated with crystallinity and protein secondary structure compo‑
sition. Although linear regression demonstrated limited explanatory power (R2 = 0.576), 
XGBoost demonstrated improved predictive performance (R2 = 0.654–0.751) by cap‑
turing complex multivariate interactions, suggesting the potential for nondestruc‑
tive estimation of residual tensile strength in textile cultural heritage. The prediction 
model using crystallinity, protein secondary structure contents, pH, yellow index, 
and K/S value showed the highest predictive accuracy. Further, with the accumulation 
of data encompassing textiles with diverse properties and the refinement of relevant 
indicators, the development of a machine learning–based nondestructive precision 
prediction model is anticipated. Such an approach can overcome the limitations 
of subjective assessment and contribute to systematic conservation management 
through the quantitative prediction of residual tensile strength in textile cultural 
heritage.
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Introduction
Silk is a material with evidence of use dating back approximately 6,000 years to the Neo-
lithic era, and it has been used as a material in diverse cultural heritage throughout its 
long history. As an organic material, silk is susceptible to deterioration induced by light, 
heat, microorganisms, and other environmental factors, which reduces its structural 
stability and shortens its lifespan. Silk textile cultural heritage materials experience a 
reduction in strength as deterioration progresses, thereby increasing their susceptibil-
ity to damages such as creep, fracture and unraveling of seams; consequently, continu-
ous monitoring is required to ensure stable preservation. However, silk often exhibits 
no obvious external changes even when deteriorating, and it does not deteriorate pro-
portionally with time. Further, information on usage and storage environments that 
influence deterioration rates is often limited. Moreover, quantifying residual strength 
through tensile strength measurements constitutes a destructive analysis; thus, such 
approaches are fundamentally unsuitable for application in the cultural heritage field 
(Tanasescu et al., 2024).

The extent of damage to most silk textile cultural heritage is assessed by skilled con-
servators based on professional experience; however, objectively sharing and comparing 
condition states remain difficult because such assessments are typically recorded using 
subjective language. Beyond individual assessments, establishing objective metrics for 
tensile strength is crucial for multidisciplinary decision-making  (Adriaens &  Demor-
tier, 2004). Quantified data serves as a common language among conservators, curators, 
and administrators, ensuring safety during the utilization of cultural heritage, such as 
long-term display planning and international loan exhibitions. To address these limita-
tions, various non-destructive or micro-destructive analytical methods have been intro-
duced to obtain quantitative data (Gong et al., 2022; Koperska et al., 2014, 2015a, 2015b; 
Vilaplana et al., 2015; Wang et al., 2025; Zhang & Yuan, 2010). A non-destructive and 
quantitative condition assessment protocol for weighted silk has been proposed (Ang-
helone et  al., 2025), and a color change prediction model based on variables such as 
color difference and the degree of oxidation in silk has also been developed (Zhou et al., 
2023a, 2023b). However, these studies have primarily focused on characterizing visible 
alterations or the degree of chemical degradation, leaving the quantitative prediction of 
residual tensile strength—a critical indicator for practical handling and preservation—
largely unexplored.

Silk based artifacts, such as garments, socks, pouches and sitting cushions, are 
exposed to physical stress during exhibition, storage, and conservation treatment pro-
cesses, requiring a clear quantitative assessment of residual tensile strength for safe han-
dling (Park, 2019). Changes in the mechanical properties of silk, such as tensile strength 
reduction, can be explained by structural changes. Silk is a polypeptide comprising 
amino acids linked by peptide bonds and can be classified into secondary structural con-
formations, including α-helix, β-sheet, β-turn, and random coil. The α-helix adopts a 
helical conformation, whereas the β-sheet is characterized by extended, pleated strands 
(Chen & Imamura, 2003). The β-turn is a hairpin-like structural motif that induces a 
reversal in polypeptide chain direction and serves to connect the α-helix or β-sheet 
(Marcelino and Gierasch 2008). The random coil essentially refers to a disordered struc-
ture (Kovács & Bodor, 2023). Each secondary structure differs in molecular arrangement, 
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bond lengths, and amino acid composition ratios, and these characteristics change with 
material deterioration (Badillo-Sanchez et  al., 2018; Zhou et  al., 2023a, 2023b). Struc-
tural changes in proteins are closely linked to their secondary structure ratios, crystal-
linity, and amino acid composition. Because these characteristics can be quantified using 
non-destructive analysis (Garside & Wyeth, 2007; Gong et al., 2022; McGill et al., 2019; 
Zhang et al., 2019), it is feasible to predict residual mechanical strength without dam-
aging the silk artifacts. By leveraging machine learning algorithms, this study aims to 
transform multi-dimensional non-destructive data into a predictive model capable of 
estimating the residual tensile strength of silk artifacts.

This study aims to analyze the deterioration characteristics of silk textiles artificially 
aged under controlled conditions by applying statistical analysis and machine learning 
to quantitatively derived data to explore the feasibility of nondestructive prediction of 
residual tensile strength. Silk textile artifacts were replaced with accelerated-aged silk 
samples, and characteristic indicators applicable to tensile strength prediction were 
derived to determine predictability. The selected accelerating factors for deterioration 
were ultraviolet (UV) light, heat, and indoor environments with glass windows, consid-
ering the references and museum environments. The protein secondary structure, mois-
ture regain, pH, and color change were considered analytical parameters based on their 
anticipated strong correlations with tensile strength.

Materials and Methods
Samples

The silk samples used in this study were 100% silk fabrics (Bombyx mori, filament) that 
were neither bleached nor dyed. Six types of fabrics that differed in degumming status, 
weave type, density, yarn count, weight, and thickness were selected. Table 1 presents 
the characteristics of each sample. Preliminary experiments indicated that the chemical 
and structural degradation mechanisms exhibited qualitatively similar trends across the 
samples. To avoid potential data ambiguity arising from differences in degradation rates 
among samples and to clearly visualize the full progression of the deterioration behavior, 
sample F—which exhibited the most representative behavior among all samples—was 
selected as the representative model, and the results were presented accordingly. All data 
from sample F and the other five samples were fully utilized for statistical analysis and 
for constructing the dataset used in the machine learning model. Samples exposed in 
an indoor environment with glass windows were designated as W; those exposed to UV 

Table 1  Silk fabric sample specification

Sample code Fiber content Yarn count 
(denier)

Density 
(counts; 
5cm × 5cm)

Weave type Weight (g/m2) Thickness 
(mm)

F Silk (degum) 45 × 105 250 × 175 Plain 56 0.10

H Silk (degum) 15 × 32 300 × 200 Plain 25 0.05

C Silk (degum) 60 × 165 175 × 125 Plain 78 0.19

S Silk (degum) 32 × 74 600 × 250 Satin 82 0.15

Cr Silk (raw) 14 × 14 150 × 138 Plain 10 0.06

O Silk (raw) 20 × 20 225 × 213 Plain 21 0.09
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radiation in the UV-A region were designated as UV; and those subjected to heat stress 
were designated as DH, with the heat temperature shown before DH for differentiation.

Accelerated deterioration

Light stress in sunlit indoor environment

The indoor environment with glass windows was simulated by combining an inner filter 
(S. Boro, Atlas, USA) and an outer filter (Soda Lime, Atlas, USA) with a xenon arc lamp 
in a weathering tester (Ci4000 Weather-Ometer, Atlas, USA). The distance between the 
sample and the light source is approximately 30 cm. Light exposure was conducted using 
a xenon arc lamp with an irradiance of 1.20 W/m2 at 420 nm. Detailed conditions were 
controlled to maintain a temperature of 100 °C and a relative humidity (RH) of 30% (ISO 
105-B06, 2020b). Analyses were conducted at 0, 24, 72, 120, and 168 h to determine 
changes based on the cumulative stress exposure duration.

UV‑A stress

Considering the low sunlight resistance of silk, a UV-A stress environment (400–315 
nm) was created using a UV tester equipped with a UV-A 340 lamp. The given UV 
radiation was 0.77 W/m2 (340 nm). The chamber’s internal temperature was set to the 
device’s maximum temperature (80 °C: UV2000, Atlas, USA), similar to the conditions 
of light stress in a sunlit indoor environment, and room humidity was controlled at 50% 
RH (Atlas material testing technology GmbH, 2024). To determine changes based on 
the cumulative stress exposure duration, analyses were performed at the following time 
points: 0, 24, 72, 120, and 168 h.

Heat stress

Heat stress was induced using an oven (OF-22GW, Jeio Tech, KOR). To evaluate the 
effect of temperature differences between light stress in a sunlit indoor environment and 
UV-A stress conditions on deterioration behavior, the minimum and maximum temper-
atures were set to 100 °C and 200 °C, respectively, considering the heat resistance of the 
samples (Ahn et al., 2014; Kim, 2014; Rockwood et al., 2011). Accordingly, the heat stress 
temperatures were set to 100, 150, and 200 °C and monitored at 0, 24, 72, 120, and 168 
h. To ensure the stability of statistical analysis and machine learning models, the sample 
size was expanded by considering 125 and 175  °C temperatures. Under conditions of 
rapid tensile strength reduction, monitoring was conducted at 6, 12, 24, and 48 h and the 
experiment was terminated when the tensile strength converged to 0 N. Under condi-
tions where the decrease in tensile strength was gradual, the stress application time was 
extended and the experiment was terminated when no notable changes were observed.

Characterization

Analysis of secondary structures for silk

Fourier transform infrared spectroscopy (FT-IR; Spectrum 3, Perkin Elmer, USA) is a 
nondestructive analysis method commonly accessible in museums. Under the conditions 
of attenuated total reflectance (ATR) mode, a diamond crystal, 32 scans, a spectrum 
resolution of 4 cm−1, and a spectrum range of 4,000–650 cm−1, measurements were 
repeated five times at different positions. FT-IR spectra were collected using Spectrum 
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IR (version 10.7.2.1630). Assuming identical infrared absorption coefficients for each 
FT-IR spectrum, the amide I–Ⅱ region (1,800–1,400 cm−1) was extracted and normal-
ized to compare trends. The normalization algorithm was used to adjust the absorbance 
values at both ends of the amide I and Ⅱ regions to zero and calibrated them to the same 
area. Based on Geminiani et al.’s (2024) study, spectral changes under deteriorated con-
ditions were quantified as follows:

where SR denotes the shift ratio of the amide I peak in the FT-IR spectrum, and A1625 
and A1618 denote the absorbance at 1,625 and 1,618 cm−1, respectively.

Following the approach reported by Lee et al. (2023), who obtained comparable trends 
using a deconvolution method, crystallinity was calculated as follows:

where XC denotes the degree of crystallinity (%), A1620 denotes the absorbance at 1,620 
cm−1 corresponding to the β-sheet structure, and A1645 denotes the absorbance at 1,645 
cm−1 corresponding to the random coil structure.

The amide I region (1,580–1,720 cm−1) was extracted from the collected spectra, fol-
lowed by baseline correction. Fourier self-deconvolution was applied to the preproc-
essed spectra to resolve overlapping bands, yielding eight subpeaks (smoothing factor 
of 0.25, gamma function of 30.0). Curve fitting was performed until convergence was 
achieved based on the reduced chi-square criterion, with a convergence tolerance set 
to 10⁻5. The relative content of each protein secondary structure was calculated as the 
percentage area of the corresponding subpeak relative to the total amide I band area. 
All spectral preprocessing and curve-fitting procedures were performed using OriginPro 
(version 10.1.5.132). The deconvolution results were assigned to each secondary struc-
ture as follows—side chain: 1,597–1,609 cm−1; antiparallel β-sheet: 1,610–1,625 cm−1; 
native β-sheet: 1,626–1,636 cm−1; random coil: 1,637–1,655 cm−1; α-helix: 1,656–1,662 
cm−1; β-turn: 1,663–1,696 cm−1; and parallel β-sheet: 1,697–1,703 cm−1 (Zhou et  al., 
2001; Bucciarelli et al., 2021; Hu et al., 2006).

Tensile strength and hydrogen ion concentration

Tensile strength was measured using a universal testing machine (UNITEST M1, TEST 
ONE, KOR) according to ISO 13934-1:2013 with a gauge length of 75 mm, a crosshead 
speed of 50 mm/min, and a measurement unit of Newton (ISO 13934-1, 2013). Samples 
were prepared with a 60-mm width and 100-mm length, leaving frayed, ungripped mar-
gins of 5 mm on each side. Each sample was measured three times in the warp and weft 
directions, and the average value was calculated.

Hydrogen ion concentration was measured using a pH meter (Laqua pH/Ion 
Meter F-72, Horiba, JPN) (ISO 3071, 2020a). Owing to the impracticality of sampling 
5 × 5-mm2 samples from textile cultural heritages, the method was modified by applying 
deionized water (pH 5.0–7.0) directly to the sample surface. Each deterioration condi-
tion was measured five times, and the average value was calculated.

(1)SR =
A1625

A1618

(2)XC(%) =
A1620

A1620 + A1645

× 100
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Moisture regain

Moisture regain was measured according to ASTM D2654-22. Reflecting typical 
museum conservation conditions for textile cultural heritage, samples were conditioned 
to moisture equilibrium at 20 ± 2  °C and 50% ± 5% RH using a chamber (PL-3KPH, 
ESPEC Corp., JPN; ASTM D1776, 2020b; Cultural Heritage Conservation Science 
Center, 2017; ICOM, n.d.; Ministry of Culture & Sports, 1996; National Museum of 
Korea, 2025; Seoul Museum of History, n.d.). Samples were dried in an oven (OF-50, 
Daihan Scientific Co., KOR) at 105 °C for at least 1.5 h. Moisture regain was determined 
when the mass change between successive weighing before and after drying was less 
than 0.1% (ASTM D2654-22, 2022). Measurements were performed using a precision 
balance (ARG423, Ohaus, USA), and the average value was calculated after repeating the 
experiment three times. Moisture regain was obtained using Eq. (3):

where C denotes the mass of conditioned sample (g), and B denotes the mass of bone-
dried sample (g).

Yellow index and K/S value

The surface color of yellowed samples due to deterioration was measured using a spec-
trophotometer (CM-700d, Konica Minolta, JPN) under D65 standard light source and 
10° standard observer conditions; the yellow index was calculated using Eq. (4) (ASTM 
E313-20, 2020a). A total of 13 arbitrary points (one per 13 × 13-cm2 area) were selected 
and measured. The yellowing tendency was determined using Eq.  (5) as the difference 
in yellow index between the control and artificially deteriorated samples. Surface reflec-
tance was measured at 10-nm intervals over the wavelength range of 360–740 nm, and 
the K/S values before and after treatment were calculated using the Kubelka–Munk 
equation described in Eq. (6).

where XCIE, YCIE, and ZCIE denote the tristimulus values defined by the CIE XYZ color 
system in the X, Y, and Z directions, respectively; ΔYI denotes the yellow index, ΔYID-U 
denotes the yellowing tendency, YID denotes the yellow index of the treated sample, and 
YIU denotes the yellow index of the untreated sample; and K denotes the abruption coef-
ficient of the sample, S denotes the scattering coefficient of the sample, and R denotes 
the surface reflectance of the sample.

Statistical analysis and machine learning

Statistical analysis was conducted using IBM SPSS Statistics (version 29.0.1.0) to exam-
ine the correlation between the tensile strength and deterioration indicators and to 

(3)Moisture Regain(%) =
(C − B)

B
× 100

(4)�YI =
1.3013XCIE − 1.1498ZCIE

YCIE
× 100

(5)�YID−U = YID − YIU

(6)K/S = (1− R)2 ÷ 2R
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derive a correlation equation. The mean tensile strength values in the warp and weft 
directions of the samples were used as the dependent variable, and indicators that var-
ied with deterioration were used as independent variables. Pearson’s correlation analysis 
was performed to identify indicators that exhibited statistically significant correlations 
(p < 0.05). Regression analysis was then conducted using the statistically significant indi-
cators as independent variables. The model fit was confirmed at tolerance > 0.100 and 
variance inflation factor (VIF) < 10.0.

The eXtreme Gradient Boosting (XGBoost) algorithm was selected based on the char-
acteristics and objectives of the dataset. XGBoost was selected because it is effective for 
modeling non-linear relationships and interactions among variables, particularly in rela-
tively small datasets. The model was implemented in a Jupyter Notebook environment 
using Python (version 3.12.3). To develop a prediction model, and the target variable 
was defined as the mean tensile strength in the warp and weft directions. Crystallinity, 
protein secondary structure contents, FT-IR (ATR) spectrum shift ratio, pH, moisture 
regain, yellow index, and K/S value were used as independent variables for analysis. The 
dataset consisted of 95 independent observations, where each data point represents a 
unique combination of fabric type and deterioration duration, ensuring that no repeated 
measurements from the same experimental condition were included. Prior to modeling, 
the data were preprocessed to ensure consistency across variables. The dataset was ran-
domly divided into a training set (80%) and a test set (20%) (Lee et al., 2025). To optimize 
the model and ensure generalization performance, hyperparameter tuning was con-
ducted using Randomized Search Cross-Validation on the training data. The predictive 
performance of the developed models was evaluated using the coefficient of determina-
tion (R2), root mean square error (RMSE), mean absolute error (MAE), and mean abso-
lute percentage error (MAPE) (Liu et al., 2024).

Results and Discussion
Changes in protein secondary structure during deterioration

The secondary structure changes in silk were nondestructively analyzed via ATR 
FT-IR analysis. Figure 1a shows the extracted amide I region (1,800–1,400 cm−1). The 
overall absorbance tended to decrease as deterioration progressed. The peak posi-
tions and spectral profiles of the amide I region, associated with C = O stretching 
vibrations, as well as the amide II and III regions, primarily related to C–N stretching 

(a) (b)

Fig. 1  FT-IR spectra of samples: a amide-related bands, and b normalized amide I peak shift
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and N–H bending vibrations, remained largely unchanged regardless of the deterio-
ration conditions. In addition, a slight peak shift was observed in the amide I region. 
Figure 1b shows the extracted and normalized amide I region, revealing a tendency 
for the amide I peak to shift toward higher wavenumbers as deterioration progressed. 
The blue shift is attributable to the C = O bond becoming relatively strengthened as 
hydrogen bonding weakens during the deterioration process. Moreover, the decrease 
in absorbance is attributable to a reduction in the C = O functional groups result-
ing from deterioration induced by light or heat stress. These results suggest that 
although the overall chemical composition of the samples remained unchanged, 
alterations occurred at the secondary structure level. Therefore, deconvolution was 
performed on the amide I region, which clearly correlates with secondary structure 
and vibration and is sensitive to changes in the structure, to compare changes in the 
relative content of secondary structural components (Belton et al., 2018; Bucciarelli 
et  al., 2021). The analysis results are shown in Fig.  2a–d. In the early deterioration 
stages, the α-helix and random coil contents decreased whereas the β-sheet content 
increased. The α-helix and random coil primarily constitute the amorphous regions. 
Owing to their loose and disordered molecular arrangement (Pak & Kim, 2004; Zhou 
et al., 2023a, 2023b), these regions exhibit weaker intermolecular interactions and are 
hence more susceptible to deterioration than the crystalline regions. In addition, the 
initial increase in the β-sheet content may reflect a relative increase associated with 
the prior deterioration of amorphous regions rather than an absolute increase, as it 
is not accompanied by a corresponding increase in the β-turn content. Subsequently, 
the β-sheet content began to decrease after only 6 h under the 200DH condition, and 
a marked reduction in the β-sheet content was observed under the W and UV condi-
tions. This decrease may be associated with a reduction in crystalline packing density 
resulting from the weakening of van der Waals interactions and hydrogen bonding 

(c) (d)

(a) (b)

Fig. 2  Changes in protein secondary structure content under different deterioration conditions: a β-sheet 
content, b β-turn content, c α-helix content, and d random coil content



Page 9 of 24Pak et al. Fashion and Textiles           (2026) 13:23 	

as well as deterioration. Under each deterioration condition, the β-sheet content 
decreased in the order of 200DH > W > UV > 150DH > 100DH. After increasing to 
approximately 75%–80%, the content began to decrease. This result is partially con-
sistent with a previous study that reported the crystalline region of B. mori fibroin 
level to be up to 60%–70% (Sashina et al., 2006).

The relative changes in the secondary structure contents may reflect the distribution 
between crystalline and amorphous regions. Accordingly, they were quantified as crys-
talline and are shown in Fig.  3. The crystallinity of the untreated sample was 44.29%, 
and it increased to 45.71%–45.98%. This initial increase is attributed to the preferential 
decomposition of amorphous regions (random coil content), leading to a relative enrich-
ment of crystalline β-sheet domains. However, this rising crystallinity does not indicate 
improved structural integrity; the concurrent blue shift in the Amide I band reflects 
weakening of inter-chain hydrogen bonds and the bond breakage, resulting in structural 
destabilization and reduced tensile strength despite the higher crystalline proportion. 
Similar interpretations have been reported in previous studies (Li et al., 2013, 2019).

Following this initial phase, no notable change was observed under most conditions, 
except for a decrease under W, UV and 200DH conditions. This tendency for crystallin-
ity to stabilize or decrease after the initial increase reflects stage-dependent deteriora-
tion behavior, wherein the collapse of crystalline regions eventually proceeds after the 
preferential decomposition of amorphous regions.

Changes in tensile strength during deterioration

Figure  4 shows a comparison of the strength and elongation of samples deteriorated 
under W, UV, and DH conditions. Across all treatment groups, the strength and elonga-
tion exhibited a decreasing trend with increasing cumulative stress exposure duration. 
Unlike the untreated samples, the deteriorated samples showed a pronounced nonlin-
ear deformation region (blue ellipse) before fracture. Similarities in this behavior suggest 
that differences in accelerated deteriorating factors do not cause differences in the frac-
ture process. The tensile strength reduction rate was calculated for all samples using the 
same criteria; the results are shown in Fig. 5.

Fig. 3  Changes in crystallinity under different deterioration conditions
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Tensile strength tended to decrease as stress accumulated. During deterioration, van 
der Waals forces and hydrogen bonds are broken, and α-helix, random coil, and β-sheet 
structures are damaged sequentially. In particular, β-sheets exist in a highly extended 

(c) (d)

(e) (f)

(a) (b)

Fig. 4  Changes in tensile strength of silk deteriorated under various conditions: a untreated sample, b W 
sample, c UV-A sample, d 100DH sample, e 150DH sample, and f 200DH sample

Fig. 5  Changes in tensile strength loss rate of silk deteriorated under various deterioration conditions
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form, imparting strong tensile strength to the fibers (Shen et al., 1998). Through hydro-
gen bonding, a close-packed structure is formed, creating a crystalline network that 
resists deformation under external forces (Yanagi et al., 2000; Zhao et al., 2021). There-
fore, as deterioration progresses, the loss of tensile strength may be associated with a 
reduction in the bonding interactions that contribute to structural stability, along with a 
decrease in β-sheet content.

Tensile strength reduction also differed under various deterioration conditions. Ten-
sile strength loss occurred most rapidly under the 200DH condition, whereas most 
tensile strength was lost after 168 h under the W and UV conditions. Meanwhile, only 
approximately 40.1% and 44.2% of tensile strength loss was measured under the 100DH 
and 150DH conditions, respectively, even after 168 h. Despite extending the processing 
time to 400 h, the reduction in strength remained below 50.0%. It is interpreted that 
deterioration due to dry heat reacts more sensitively to temperature increases than to 
the stress exposure duration.

Although the W and UV conditions involve light stress, they differ in terms of spec-
tral distribution, distance from the light source, and chamber temperature and humid-
ity. However, in the wavelength range to which silk fibers are most susceptible (233–355 
nm), the W condition employs a filter that blocks radiation below 310 nm; therefore, 
the difference in spectral distribution between the two conditions is limited. Consider-
ing the observation under the 100DH condition, the results suggest that humidity and 
distance of the sample from the light source, rather than differences in internal cham-
ber temperature, are more likely to have influenced the tensile strength reduction rate. 
Humidity is a factor that accelerates silk deterioration (Sharif & Esmaeili, 2017). The 
closer a sample is to the light source, the greater the transmitted light energy, which may 
have caused the difference.

Silk exhibits substantial variability in tensile strength due to its irregular cross-sec-
tional area, thickness, and elongation rate. However, the standard deviation tended to 
decrease as deterioration progressed. This reduction in statistical variance suggests 
that the applied light or heat energy penetrated the fiber interior, inducing damage that 
caused tensile strength to converge toward lower levels. These results are consistent with 
the secondary structure analysis, which suggests a decrease in β-sheet content, known 
to contribute to the tensile properties of silk, after the breakdown of relatively weakly 
bound amorphous regions.

Changes in pH during deterioration

The pH of a sample was measured using deionized water at pH 7, assuming a neutral 
preservation environment and textile cultural heritage materials (Fig.  6). In the early 
deterioration stages, pH showed a sharp decrease followed by a gradual decline as the 
cumulative stress exposure duration increased. The pH of the untreated sample was 8.6. 
After 168 h of stress exposure, the pH decreased to 6.19, 5.24, 8.15, and 7.04 under the W, 
UV, 100DH, and 150DH conditions, respectively. The pH decreased most rapidly under 
the 200DH condition, reaching 6.62 within 48 h. The main component of silk, fibroin, 
has an isoelectric point of approximately 3.8–3.9  (Dang et  al.,  2010). Because the pH 
of the deionized water (pH 7.0) sprayed on the sample surface is higher than this value, 
fibroin may release hydrogen ions [H +], causing the pH to decrease. As deterioration 
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progresses, the gradual decrease in pH is more likely attributable to chemical structural 
changes induced during the deterioration process rather than ion exchange stemming 
from the amphoteric nature of amino acids. Among the amino acids constituting fibroin, 
acidic amino acids (such as aspartic acid and glutamic acid) account for a relatively 
higher proportion than basic amino acids (such as arginine, histidine, and lysine); how-
ever, their abundance is still minor compared with neutral amino acids, such as glycine, 
alanine, and serine. Thus, Koperska et al., (2015a, 2015b) suggested that acidic products, 
such as phenols or carboxyl groups, generated during the deterioration process contrib-
uted to an increase in acidity. Garside and Wyeth (2007) reported that it resulted from 
increased exposure of acidic residues due to deterioration of the amorphous regions. 
A decrease in β-sheet content was observed under the 200DH and UV conditions, and 
the pH was relatively low. It is inferred that the carboxyl groups (–COOH) generated 
through main-chain hydrolysis, together with the deterioration of neutral amino acids, 
may have indirectly contributed to the observed pH changes.

Changes in moisture regain during deterioration

Changes in the moisture regain of the samples were expected due to alterations in the 
secondary structures by deterioration. Moisture regain was measured under museum 
conservation conditions (20 ± 4  °C, 50%–60% RH), and the results are shown in Fig. 7. 
The moisture regain of the untreated sample was 8.61%. After 24 h of stress exposure, 
the moisture regain decreased to 8.37%, 6.11%, 6.49%, and 7.25% under the W, UV, 
100DH, and 150DH conditions, respectively. Under the 200DH condition, the mois-
ture regain decreased to 5.54% within 6 h, exhibiting the most rapid decrease. This rapid 
decrease coincides with the stage characterized by reductions in α-helix and random coil 
content, suggesting a possible association with the reduction of the amorphous regions. 
As degradation progressed, a decrease in β-sheet content and an increase in random 
coil content were observed, as shown in Fig.  2. However, the corresponding increase 
in crystallinity remained limited to less than 1%, indicating a negligible effect on mois-
ture regain. Therefore, these changes are likely more closely related to the reduction of 
hydrophilic groups or yellowing reactions, rather than being solely attributable to an 
increase in amorphous content. Although the crystalline regions undergo deterioration 

Fig. 6  Changes in pH under various deterioration conditions
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accompanied by reduced molecular orientation, the continued decrease is primarily 
driven by a more pronounced reduction in hydrophilic functional groups, such as –
COOH, –NH₂, and –OH, which can form hydrogen bonds or interactions with moisture 
(Otterburn, 1977). Meanwhile, the 100DH sample, which exhibited little deterioration of 
the crystalline regions even after 500 h, showed lower moisture regain than the W and 
150DH samples, in which the crystalline region deteriorated more slowly. This is possi-
bly because the amount of moisture penetrating the amorphous regions of silk is greater 
than that associated with hydrophilic functional groups and intermolecular crosslink-
ing. The W and 150DH samples exhibited a relatively slower deterioration rate than the 
200DH and UV samples, suggesting that the reduction in hydrophilic groups was insuf-
ficient to decrease the moisture regain.

Yellowing behavior during deterioration

Yellowing of textiles is a visible deterioration phenomenon, and changes in the yellowing 
index can be used to indirectly estimate changes in amino acid composition. Figure 8 
shows the yellowing tendency derived after measuring the surface color of the samples 
under various deterioration conditions. The yellow index increased with the cumula-
tive stress exposure duration, with the most rapid yellowing observed under the 200DH 

Fig. 7  Changes in moisture regain under various deterioration conditions

Fig. 8  Yellowing tendency under various deterioration conditions
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condition. Under the 100DH condition, the yellow index remained below 5, indicating 
minimal yellowing. As the temperature decreased, the degree of yellowing diminished 
and its rate of increase slowed.

The oxidation of amino acids containing –OH groups and aromatic amino acids (such 
as tyrosine and tryptophan) is known to increase the yellow index (Hao et al., 2025; Kim 
et al., 2022). Consistently, high yellow indexes were observed under the 200DH and UV 
conditions, where a pronounced decrease in moisture regain was also detected. How-
ever, under the W condition, where moisture regain reduction was minimal, the yellow 
index was also low. Table 2 compares the yellow index, pH, and moisture regain based 
on tensile strength. The yellow index relative to tensile strength was higher under the 
UV condition than under the W condition, and it increased with temperature within the 
DH conditions. Except for tyrosine and tryptophan, most amino acids associated with 
yellowing primarily absorb UV radiation around 230 nm and exhibit negligible absorp-
tion in a longer-wavelength UV region (Pattison et al., 2012). Although UV-A and xenon 
arc lamps have different wavelength ranges, the spectral distributions in the UV region 
became similar due to the filters installed to simulate indoor environments. Another dif-
ference between the UV and W conditions is RH. Peptide bonds can undergo hydrolysis 
in environments containing moisture and heat, and the yellow index increases with RH 
(Luxford et al., 2009).

Yellowing is more sensitive to structural changes in the side chains, whereas the reduc-
tion in tensile strength is more closely related to main-chain scission. The difference 
between tensile strength loss and yellowness is therefore considered to arise from dif-
ferences in the magnitude of energy and the duration of exposure. As the energy reach-
ing the silk fiber decreases, the time required to affect the dense crystalline regions 
increases. Silk is highly susceptible to UV radiation; thus, both main-chain and side-
chain degradation occurred within a short period, resulting in both strength loss and 
yellowness. In contrast, under the 150DH condition, even after 400 h of exposure, oxida-
tion mainly affected the side chains, and the reduction in tensile strength was compara-
ble to that observed after 72 h under the 100DH condition.

As the degree of yellowing in silk increased, the lightness (L*) decreased whereas the 
red (a*) and yellow (b*) chromatic components increased. These color-change charac-
teristics were also confirmed by the K/S values calculated from the reflectance measure-
ments at violet (λ = 400 nm) and yellow (λ = 580 nm) wavelengths. Figure 9 shows the 
variation in K/S values calculated for each phase. Compared with the untreated sample, 

Table 2  Comparison of yellowness index, pH, and moisture regain in silk samples with similar 
tensile strength

Indicator sample Tensile strength (N) Yellow index pH Moisture 
regain (%)

UV72 51.50 31.16 5.70 5.24

200DH24 66.72 66.06 6.65 5.14

W120 66.78 16.95 6.18 8.29

W72 152.57 15.75 6.66 8.32

150DH400 181.53 30.98 6.13 6.85

100DH72 187.03 6.87 8.70 6.25



Page 15 of 24Pak et al. Fashion and Textiles           (2026) 13:23 	

the absorbance at 400 nm, corresponding to the violet region, exhibited the greatest 
change after yellowing. The increase in absorbed violet light increased the perceived yel-
lowish tint of the object’s color, and the reduced reflectance of short-wavelength light 
reduced the brightness. Meanwhile, the absorbance of yellow light increased somewhat 
24 h after stress exposure; thus, an increase in red tint may be perceived by the naked 
eye.

Prediction models for tensile strength

Silk sequentially degraded from the amorphous to crystalline regions as it deterio-
rated, and crystallinity increased in the regions where the α-helix and random coil con-
tents decreased. However, once a decrease in β-sheet content began, crystallinity also 
decreased. These internal structural variations were presumed to influence pH, moisture 
regain, and yellowing, thereby inducing changes. Accordingly, correlation analysis was 
conducted to elucidate the relationships among the measured properties and identify 
the factors exhibiting strong associations with the tensile strength reduction. The corre-
lation analysis results are summarized in Table 3. Tensile strength exhibited statistically 
significant positive correlations with the β-sheet and α-helix contents (p < 0.05), whereas 

Fig. 9  Changes in color under different deterioration conditions: a λ = 400 nm, and b λ = 580 nm
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significant negative correlations were observed with crystallinity, random coil content, 
β-turn content, and shift ratio (p < 0.05). Conversely, pH, moisture regain, yellow index, 
K/S value, and the type of stress accelerating deterioration did not show direct statis-
tical significance with tensile strength (p > 0.05). However, pH showed a close associa-
tion with variables that were significantly related to tensile strength, such as crystallinity, 
β-sheet content, and random coil content. This suggests that certain factors indirectly 
contribute to mechanical deterioration by mediating structural rearrangements. There-
fore, multivariate analyses are required to further elucidate complex interactions and 
pathways beyond simple linear correlations.

Linear regression analysis was performed to specify the relationships between each 
set of variables. Regression models with different combinations of variables, constructed 
based on the observed correlations, are presented in Table  4. The regression models 
yielded a Durbin–Watson statistic of 1.109, and all VIFs were below 1.4, indicating negli-
gible multicollinearity among the independent variables. The negative standardized coef-
ficients observed for random coil content (β = −0.423) and β-turn content (β = −0.375) 
may suggest that the degradation of the amorphous regions is a major factor contribut-
ing to the reduction in tensile strength. In contrast, moisture regain exhibited a positive 
standardized coefficient (β = 0.149), which could be associated with relatively preserved 
amorphous regions in the samples, potentially resulting in a smaller decrease in tensile 
strength. This may be due to the fact that degradation of the amorphous regions reduces 
the available space for moisture penetration; thus, moisture regain could be considered a 
proxy indicator reflecting the extent of amorphous region degradation. Furthermore, the 
shift ratio of the amide I peak (β = −0.266) also showed a negative correlation, provid-
ing additional support for this interpretation. The model exhibited an explanatory power 
of 57.6% and was statistically significant (F = 42.115, p < 0.001). Even when different 
variables were selected, the increase in explanatory power was not significant. This was 
explained by the presence of nonlinear relationships and complex interactions among 
the variables, beyond simple linear relationships.

To comprehensively capture both linear and nonlinear relationships among multiple 
variables, the data processing approach was changed to machine learning. Each predic-
tion model was constructed using different combinations of independent variables, and 
optimal hyperparameters were determined through Randomized Search Cross-Valida-
tion (CV). To maximize predictive precision and mitigate the risk of overfitting, CV was 
implemented as the primary optimization strategy. This approach facilitated the explora-
tion of the hyperparameter space. The resulting performance metrics and hyperparam-
eter settings for each model are summarized in Table 5. The R2 of M1, which used only 
features with high Pearson’s correlation coefficients, was 0.403. Meanwhile, M2, which 
incorporated all degradation-related indicators as identified in this study as being poten-
tially associated with structural changes in silk related to tensile strength degradation, 
achieved an R2 of 0.654, with corresponding decreases in RMSE, MAE, and MAPE. The 
improved performance of M2 suggests that the tensile strength of deteriorated silk fab-
rics is influenced by complex interactions among protein secondary structure, crystallin-
ity, pH, moisture regain, yellowing, and absorbance at 400 nm. Based on this, the features 
were restructured based on their applicability in the cultural heritage field. Rather 
than relying solely on predictive performance as the criterion, a scenario reflecting the 
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characteristics of textile cultural heritage in practical settings was assumed, in which 
textiles were categorized into colored and uncolored fabrics, with prediction models 
developed to suit each condition. M3 is a prediction model designed for application to 
undyed textile cultural heritage, in which the yellowing index can be reliably measured. 
This model exhibited the highest R2 value (0.751), while the RMSE, MAE, and MAP 
were lowest. Because textile artifacts often involve small sample sizes that preclude reli-
able measurement of moisture regain, M4 represents an optimized combination of vari-
ables developed for such constrained conditions. By excluding the yellowing index and 
the K/S value, M4 may offer potential utility for predicting the residual strength of dyed 
fabrics.

Differences in predictive performance among M1–M4 arose not only from the num-
ber of features but also from differences in feature combinations. While linear regression 
analysis revealed strong individual associations between tensile strength and variables 
such as shift ratio, β-turn content, random coil content, and moisture regain, the high-
est predictive performance was achieved by M3, which included only a subset of these 
variables. In other words, the machine learning models demonstrated that predictive 
accuracy can be enhanced by considering combinations of variables, even when indi-
vidual standardized coefficients are relatively modest. These results indicate that tensile 
strength degradation in silk cannot be attributed to a single dominant indicator, but is 
more effectively predicted through context-dependent combinations of degradation-
related characteristics.

Conclusions
Silk textile cultural heritage experiences a decrease in tensile strength as deterioration 
progresses, increasing the risk of damage. However, because external changes are not 
readily apparent, immediate damage detection through visual inspection alone is dif-
ficult. This study aimed to analyze the correlation among tensile strength, secondary 
structure, pH, moisture regain, and color change in artificially deteriorated silk fabrics 
under various conditions. By constructing prediction models, it was sought to confirm 
the potential for nondestructive prediction of the residual tensile strength of silk fabrics.

The results showed that the tendency toward tensile strength reduction was not sig-
nificantly influenced by differences in the deterioration stress type, specifically those 
created by variations in light and temperature. (p > 0.05); However, it tended to increase 
with the magnitude of applied energy, indicating that the amount rather than the type 
of energy governs the observed deterioration. In the early deterioration stages, the 
amorphous regions, including α-helix and random coil, were preferentially degraded, 
followed by the breakdown of the crystalline regions containing β-sheet. The pH and 
moisture regain also exhibited a rapid decrease at the onset of deterioration, followed 
by a gradual decline during the deterioration of the crystalline regions. The yellowing 
tendency increased sharply in the early stage. Among the conditions, UV exposure led 
to the second-fastest deterioration and the most pronounced yellowing, whereas the W 
condition exhibited a relatively low yellow index despite a reduction in tensile strength. 
Under DH conditions, the deterioration rate accelerated noticeably with increasing tem-
perature, exhibiting nonlinear behavior wherein parameters such as β-sheet content and 
crystallinity increased to a maximum before decreasing, making it difficult to determine 
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the deterioration stage based solely on measurements taken at a single characteristic. 
Considering the relationships among these complex characteristics, applying machine 
learning algorithms that simultaneously reflect multiple variables improved prediction 
accuracy compared with traditional statistical analysis. Although the predictive perfor-
mance of the present models (R2 = 0.403–0.751) may not be sufficient to fully replace 
direct mechanical testing, they may still serve as useful references for risk assessment 
and conservation planning in textile conservation, where quantitative criteria or predic-
tive models for evaluating mechanical strength remain limited. However, because the 
aging environments of cultural heritage in real contexts—such as during excavation—
are inherently complex and highly variable, the present study is constrained by the use 
of controlled and reproducible artificial aging conditions. Nevertheless, expanding the 
indicator pool and integrating diverse datasets—including textiles with varying physi-
cal properties—will further enhance nondestructive predictive performance. This study 
achieved meaningful results for undyed silk fabrics and demonstrated the practical 
potential of the M4 model using a limited set of variables, future research is required to 
address complexities such as dye fading and to extend this methodology to other natural 
(e.g., wool, ramie) or man-made fiber. Future research will focus on refining quantita-
tive machine learning models for the nondestructive prediction of tensile strength and 
developing practical guidelines for allowable loads. Such efforts will enable clearer dis-
cussions regarding acceptable levels of predictive error in subsequent applications, while 
also providing a foundation for systematic management strategies for the conservation 
and utilization of textile cultural heritage.
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