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A B S T R A C T   

In radiation physics, the study of new alternative dosimeters is of interest to the growing branch of dosimetric 
characterization for radiotherapy applications. The goal of this work was to expose bone samples to high doses 
and evaluate their linearity response to gamma rays. The Fourier Transform Infrared (FTIR) spectrophotometry 
technique was employed as the evaluation technique, and based on the spectrophotometry absorbance profiles 
the linearity was assessed based on the following methods: Area Under the Curve (AUC), Wavenumber Method 
(WM), Partial Component Regression (PCR) and Partial Least-Square Regression (PLSR) methods. The bone 
samples were irradiated with absorbed doses of 10 Gy up to 500 Gy using a 60Co Gamma Cell-220 system. The 
results showed, for the calibration curves of the system, adequate linearity on all methods. In conclusion, the 
results indicate a good linear response and therefore an interesting potential radiation detector.   

1. Introduction 

Gamma irradiation applied to bone has been investigated in recent 
years (Bargh et al., 2020; Bonet et al., 2020; Drost et al., 2017; Kazakis 
and Tsirliganis, 2019; Shiloh and Krishnan, 2018; Sung and Choi, 2015). 
It is known that gamma irradiation causes damage to bones physically, 
chemically and structurally, and that spectroscopy is a technique used to 
evaluate irradiated bones (Bayarı et al., 2020; Chaber et al., 2017; 
Kontopoulos et al., 2018; Kubisz and Połomska, 2007; Rudko et al., 
2009). Dosimetric information on bone irradiations has recently been 
investigated, bringing useful results regarding the absorbed dose in 
media adjacent of the bone and in its depth (Saleh et al., 2021). 

The radiation-induced change in bone composition has been studied 
(Mandair et al., 2020; Govey et al., 2016). For biodosimetry, this effect 
causes changes in the material under analysis, in which the absorbed 
dose in the radiobiological material can be evaluated (Baker et al., 
2014). For good accuracy of the absorbed dose rate, some methods for 
reducing the noise signal (SNR) are seen in the equipment that shows the 
response assessment with extended measurement times (Harig, 2004; 
Tiplady et al., 2019). The SNR can be minimized with some strategies 
such as: increasing the sample measurement time, which can reduce 
random errors, sample format which can have a non-linear interference 

caused by the matrix composition, or even the quality of the equipment 
(due to the evolution of its electronic components) (Rogalski, 2002). 

Since bone is a solid-state material, a relationship can be established 
with some solid-state dosimeters to evaluate a linear response for do
simeters; with that, many applications can emerge in medical physics. 
Therefore, if bone samples manifest a linear response, they may be 
applied as candidates for use as linear dosimeters (de Oliveira et al., 
2014; Lu et al., 2020; Musto et al., 2019; Parwaie et al., 2020; Polanek 
et al., 2020). 

In this way, there are some methods already defined in the literature 
that seek to evaluate the linearity and sensitivity of a given dosimeter. 
Those are the “wavelength” and “under the curve” methods (de Oliveira 
et al., 2019), here and forth writing they as WM and AUC methods. 
These methods provide a quick response, due to their operational con
venience, and guarantee on the linearity over spectra from FTIR 
measurements. 

Statistical analyses such as Partial Component Regression (PCR) and 
Partial Least-Square Regression (PLSR) have already been used else
where (Das et al., 2020; dos Santos et al., 2020; Helland, 2001; Jiang and 
Lu, 2018; Urbański, 1994; Zhang et al., 2017). In this case, they can be 
useful in the investigation of dosimetric characteristics, where a high 
degree of multicollinearity is presented. A summary of PCR and PLSR: 
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the first one makes the regression relating the data especially of X and 
then with Y, and the second one makes the regression relating simul
taneously X and Y data (Li et al., 2020; Luinge et al., 1995). 

This work aimed to investigate the effect of gamma radiation in 
biological calcified tissue samples for their linearity response using the 
area under the curve (AUC) and wavenumber (WM) methods, and 
comparison with PCR and PLSR traditional approach methods, and the 
FTIR spectrophotometry technique for biodosimetry. Besides that, using 
the WM, the dosimeter sensitivity regarding the absorbed dose was 
evaluated. 

2. Materials and methods 

Small cubes with size approximately of 0.125 cm3 composed the 
bone samples, used in this work. This material was made with the bovine 
femur part, and each bone cube was cut with the diamond technique so 
that they all got the same dimensions; the average slaughter weight in 
Brazil is 18 arrobas, which is equivalent to an age from 9 months to 14 
months; this age is important for measurements that use the FTIR 
technique (Petra et al., 2005). The samples were irradiated in triplicates, 
with absorbed doses of 10 Gy, 100 Gy, 250 Gy, 400 Gy and 500 Gy using 
a 60Co Gamma Cell-220 system (dose rate of 1.089 kGy/h at the Radi
ation Technology Center of IPEN); afterwards, the absorbance spectrum 
of each sample was acquired on a Fourier Transform Infrared (FTIR) 
Spectrometer (Frontier/PerkinElmer) from 400 cm− 1 to 1200 cm− 1, 
with 1 cm− 1 spectral resolution. 

Four spectrophotometric methods were used to study the linearity 
response for the irradiated bone samples, as follows: 

AUC: The area under each absorbance spectrum is calculated, then 
the area was assigned respectively to its corresponding absorbed dose, 
which varied discretely: 10 Gy, 100 Gy, 250 Gy, 400 Gy and 500 Gy. 
Subsequently, a linear regression was evaluated, using as predictive 
variable the absorbed dose, and the response variable was set as the area 
under the curve. The linearity was evaluated using the squared Pearson 
correlation coefficient (R2). 

WM: In this method, all absorbance spectra are evaluated iteratively. 
To illustrate, given a fixed wavenumber, the respective absorbance 
values are searched in each different spectrum corresponding to the 
following absorbed doses of 10 Gy, 100 Gy, 250 Gy, 400 Gy and 500 Gy. 
At the end, the absorbed doses and the respective absorbances are stored 
as functions of the wavenumber index. Then, the linear regression is 
performed considering as independent variables the absorbed doses and 
as predictive variables, the absorbance values gathered from each 
spectrum. Linearity is then evaluated considering squared Pearson cor
relation coefficient. This process is repeated for each wavenumber until 
scanning the entire spectrum from 400 cm− 1 to 1200 cm− 1. To evaluate 
globally the WM results regarding the linearity given by the R2 value, the 
Cumulative distribution function (CDF) was employed. 

For the PCR and PLSR methods, the Xn×m matrix contains the m 

Table 1 
Correlation matrix for bone sample irradiated with gamma rays and absorbed 
doses of 10 Gy, 100 Gy, 250 Gy, 400 Gy and 500 Gy and absorbance averages.  

Absorbance 
average 

Absorbed 
dose 

10 Gy 100 Gy 250 Gy 400 Gy 500 Gy 

0.0111 10 Gy 1.0000     
0.0173 100 Gy 0.9880 1.0000    
0.0457 250 Gy 0.9835 0.9926 1.0000   
0.0478 400 Gy 0.9693 0.9823 0.9945 1.0000  
0.0746 500 Gy 0.9776 0.9901 0.9995 0.9956 1.0000  

Fig. 1. FTIR spectra, absorbance versus wavenumber, for bone samples irradi
ated with absorbed doses from 10 Gy to 500Gy (60Co source). The average of 3 
samples was evaluated for each curve, and the uncertainty obtained was lower 
than 1%. The uncertainty was of type C, which considers the root sum squared 
(RSS) of the uncertainties A (from measurements) and the uncertainties B 
(from equipment). 

Fig. 2. a) Linearity versus wavenumber and b) Normalized sensitivity 
versus wavenumber. 
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absorbance values indexed according to the spectrum from 400 cm− 1 to 
1200 cm− 1, these values are the regressor variables in relation to the n 
absorbed doses that correspond to the observations. The absorbed doses 
were assigned by the yn×1 row vector. The PCR algorithm is given as:  

i) Initialize with Xn×m and yn×1 data, for m = 800 and n = 5 that are 
numbers of regressors and observations, respectively: 

Xn×m =

⎡

⎣
x11 ⋯ x1m
⋮ ⋱ ⋮
xn1 ⋯ xnm

⎤

⎦, yn×1 =

⎡

⎣
y1
⋮
yn

⎤

⎦

ii) Calculate the mean-centered data matrix of X (the values for each 
column are obtained subtracting their respective averages), called 
now XC 

XC =

(

I −
1
n
11′

)

X 

In the expanded matrix form, XC is written as: 

XC =

⎡

⎢
⎣

(

x11 − x1

)

⋯
(

x1m − xm

)

⋮ ⋱ ⋮(

xn1 − x1

)

⋯
(

xnm − xm

)
⎤

⎥
⎦=

⎡

⎣
xC11 ⋯ xC1m
⋮ ⋱ ⋮
xCn1 ⋯ xCnm

⎤

⎦

iii) From the eigensystem XC
′XC, calculate the eigenvectors (A) and 

eigenvalues (Λ). The trace of the Λ matrix are the eigenvalues 

expressed in the vector form λmx1Λ =

⎡

⎣
λ11 0 0
0 λ22 0
0 0 λmm

⎤

⎦,

[Am×m λm×1] = EVD(XC
′XC)m×m 

iv) Sort eigenvalues in descending order and rearrange the eigen
vectors according to sorted order;  

v) Verify if A is an orthonormal matrix cheking the trueness of the 
following relation: 

Am×mA′

m×m = Im×m    

vi) Obtain the Z matrix, from XC and A;

Zn×m =XCn×m Am×m 

At this moment, seeking to avoid the multicollinearity effects, deflate 
the Z matrix by choosing 1 up to 5 for the optimal number of principal 
components (k) that Z can have. 

Zn×k =XCn×m Am×k    

vii) Calculate the regression coefficient estimator (γ) in accordance to 
the deflation made in step vi; 

γk×1 =
(
ZT Z

)− 1Z ′y= Z ′

k×kZk×nyn×1    

viii) Finally, obtain the PCR estimates of y, named as yPCRn×1 : 

yPCRn×1 =Zn×kγk×1 

In the PCR algorithm: (.)
′

, (.)− 1, Im, 1n and EVD are transpose matrix 
operator, inverse matrix operator, identity matrix of order m, a square 
matrix filled with ones of order n and the Eigenvalue Decomposition 
(EVD) operator, respectively. 

The PLSR algorithm can be found in detail in the literature (Wold 
et al., 2001). In PLSR pre-processing, the X data were normalized by 
mean-centering and adjusted by the standard deviation. The multivar
iate analysis was done in Matlab (2020a) (The MathWorks Ins., Natick, 
USA). 

Fig. 3. a) Cumulative distribution function (CDF) versus linearity and b) Cu
mulative distribution function (CDF) versus sensitivity. 

Fig. 4. Mean-squared error (MSE) versus number of principal components (PC) 
for PCR and PLSR methods. 
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The bone sample sensitivities in (1/cm− 1) were obtained applying 
the WM. Accordingly, a linear regression was performed between the 
absorbed doses and absorbance values at a given wavenumber. Seeking 
to enhance the relative sensitivity interpretation among all wave
numbers, a normalization process was employed, according to Eq. (1): 

S(k)=
m(k) − min(m)

max(m) − min(m)
(1)  

where S(k) is the normalized sensitivity at the wavenumber k, m is the 
sensitivity, min(m) and max(m) are the maximum and minimum sensi
tivities, respectively. The wavenumber, k, varied from 400 cm− 1 to 
1200 cm− 1, with 1 cm− 1 spectral resolution. 

The Mean Squared Error (MSE) was used to calculate the prediction 
accuracy (Bertrand et al., 2001) of the PCR and PLSR methods, given by 
Eq. (2): 

MSE =
1
n
∑n

i=1

(

yi − ŷi

)2

(2)  

where ŷi is the absorbed dose prediction to the ith value of the PCR or 
PLSR result, yi is the actual absorbed dose for bone samples and n is the 
number of absorbed doses. 

The residual values for AUC and WM were calculated by subtracting 
the expected independent variable value respective to the prediction 
value made by the linear regression according to each method. The 
expected independent variable value for the AUC was the area, and for 
the WM it was the absorbance values from a fixed wavenumber and for 
the WM. The residual values for the PCR and PLSR are defined as the 
difference between yi and ŷi, where ŷi can assume the prediction for the 
PCR given by yPCR and PLSR as yPLSR. 

Fig. 5. Calibration curves for AUC, WM, PCR and PLSR methods. a) Integral area versus absorbed dose, b) Absorbance versus absorbed dose, c) Predicted absorbed 
dose versus absorbed dose and d) Predicted absorbed dose versus absorbed dose. The error bar represents, in the cases of the PCR and PLSR methods, the difference 
between the absorbed doses and the predicted absorbed doses. For the AUC methods, the error bar represents the difference between the points referring to the areas 
and the points coming from the linear fit. For the WM method, the error bar represents the difference between the maximum absorbance points and the linear 
fitted points. 
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3. Results and discussion 

Table 1 shows the correlation matrix for the bone samples irradiated 
with gamma rays for all absorbed doses. In this table, the values for the 
correlation were greater than 0.9693, indicating a strong linear rela
tionship. The p-values were <0.01, indicating that the absorbance av
erages are statistically different, as expected since with the increase in 
the absorbed dose an increase in absorbance values was observed. The 
results of the correlation matrix generated a high degree of collinearity, 
that is, it is possible to apply regression methods without loss of infor
mation from the measurements, with the use of methods that use all the 
information such as the PCR and PLSR methods. 

Fig. 1 shows FTIR spectra, absorbance versus wavenumber, for bone 
samples irradiated with absorbed doses from 10 Gy to 500 Gy (60Co 
source). The FTIR technique is simple and fast, and it allows to observe 
how the bone behaves when irradiated; another detail is that the bone 
does not change color with the administered absorbed doses. It is 
important to note that results like those obtained can be considered 
unique, since FTIR analyses depend on a series of factors such as re
ported in the literature: different particle size powder fraction (Konto
poulos et al., 2018); differences in chemical composition between the 
depth and surface can occur in the same tissue (Donnelly et al., 2012; 
Khanarian et al., 2014), or between different individuals and animals 
(Bachmann et al., 2003). 

Results about linearity versus wavenumber and normalized sensi
tivity versus wavenumber are shown in Fig. 2a and b, respectively. For 
linearity, the maximum value of R2 is 0.9927 for the wavenumber of 
1143 cm− 1, and for regions between 1141 cm− 1 and 1144 cm− 1; the 
other higher values of R2 are between 0.9921 and 0.9926, respectively. 
For the normalized sensitivity, the maximum value is 1.0000 for the 
wavenumber of 556 cm− 1, and for regions between 553 cm− 1 and 557 
cm− 1; the other higher values are between 0.9947 and 0.9987, respec
tively. The values of maximum linearity and maximum normalized 
sensitivity have practically minimum values, 0.8698 and 0.0324 
respectively, that is, the region of maximum linearity presents the 
minimum of sensitivity and the opposite is also true. 

Fig. 3a and b shows the cumulative distribution function (CDF) versus 
linearity and cumulative distribution function versus sensitivity, 
respectively. For values between 0.80 and 1.00 to CDF, the values are: 
0.9353 and 0.9927; and 1.73.10− 4 and 2.37.10− 4 for linearity and 
sensitivity, respectively. CDF increases faster for linearity than for 
normalized sensitivity. 

The results for the Mean Squared Error (MSE) versus number of 

principal components for PCR and PLSR methods are shown in Fig. 4. In 
this figure, it can be observed that with the increase in the number of 
principal components (PC) the MSE decreased for the PCR method; for 
the PLSR method this value is zero for all PC. 

In Fig. 5 are presented the calibration curves for AUC, WM, PCR and 
PLSR methods. Fig. 5a shows the integral area versus absorbed dose, 
Fig. 5b the absorbance versus absorbed dose, Fig. 5c the predicted 
absorbed dose versus absorbed dose for the PCR method, and Fig. 5d the 
predicted absorbed dose versus absorbed dose for the PLSR method. All 
four methods showed that they may be used in the search for linearity 
for irradiated bone; the maximum R2 values were: 0.9340; 0.9927; 
1.0000; 1.0000, for AUC, WM for the best 1143 cm− 1 value of wave
number, PCR and PLSR methods respectively. Although the maximum 
value of R2 is 1.0000 for the PCR and PLSR methods, the latter has null 
MSE, which is considered the best method to determine linearity. 

Fig. 6 presents the residuals versus absorbed dose for AUC, WM, PCR 
and PLSR methods applied to the bone samples. 

The method with the greatest residual error (− 7.6737) is the AUC 
method, followed by the WM method with 0.6% residual error, the other 
PCR and PLSR methods presented null residual errors. In this scenario, 
the PLSR method is considered the best method for analyzing the line
arity for irradiated bone samples in addition to having MSE and residual 
equal to zero. 

4. Conclusions 

For the samples of irradiated bone, the following final aspects are 
observed: i) FTIR spectrophotometry is a technique that may be used in 
measurements of irradiated bones; ii) the methods can be used to find 
the linearity according to the need and precision of the work; iii) in 
terms of linearity, the best methods in order were: PLSR, PCR, AUC and 
WM. In conclusion, the results of bone samples indicate an acceptable 
linear response in function of absorbed dose, and therefore this material 
presents a potential use as a radiation detector. 
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