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1. Introduction

Disposal of low- and intermediate-level radioactive
waste in Korea requires the determination of activity
concentrations for 14 nuclides [1]. Scaling factor (SF)
methods are widely used to evaluate radionuclide
inventories in low- and intermediate-level radioactive
waste. These methods indirectly estimate difficult-to-
measure (DTM) radionuclide concentrations from the
concentration of an easily measured key nuclide [1].

SF methods represent the concentration relationship
between nuclides using a single log-linear regression
equation or a constant concentration ratio [1]. Their
predictive accuracy may therefore be limited when the
relationship cannot be adequately described by a single
straight line in log space.

This study compared SF with five nonparametric
regression models to assess whether more flexible fitting
of concentration relationships improves predictive
performance.

2. Methods and Results
2.1 Dataset and Study Design

Radioactive waste data from pressurized water
reactors were obtained from Electric Power Research
Institute (EPRI) report NP-5077 [2]. Cs-137 was used as
the common key nuclide to predict the concentrations of
the fission products Sr-90, Tc-99, and I-129. The datasets
comprised 445 samples for Sr-90, 448 for Tc-99, and 446
for 1-129.

The SF method used log-linear regression when r> 0.6
(Eq. (1)) and the geometric mean of DTM-to-key
concentration ratios when r < 0.6 (Eq. (2)) [1].

log,o§ = a + b-logyxcs (r = 0.6) ¢))
1

7= (1) xe<0e) @

where ¥ is the predicted DTM nuclide concentration, x¢¢
is the Cs-137 concentration, a and b are the regression
intercept and slope, and r is the Pearson correlation
coefficient between the logio concentrations. In Eq. (2),
yi and x; are the DTM nuclide and Cs-137
concentrations of sample i, and n is the number of
samples used to fit the SF method.

Five models were used for comparison: random forest
(RF), Gaussian process (GP), isotonic regression, locally
weighted scatterplot smoothing (LOWESS), and k-
nearest neighbors (kNN) [3-7]. LOWESS used a
neighborhood fraction of 2/3, kNN used five neighbors,
and RF used 300 trees with a minimum leaf size of five.
GP used a radial basis function-based kernel.

2.2 Evaluation Methods

The performance of all prediction models was
evaluated  using leave-one-out  cross-validation
(LOOCV). In each iteration, the models were trained
using all samples except one and then used to predict the
concentration of the excluded sample [8].

Predictive performance was evaluated using the
percentage of predictions within a factor of 10 of the
measured value, satisfying Eq. (3), and the mean
absolute logio error (MALE), calculated using Eq. (4).
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In Egs. (3) and (4), y; and y; denote the predicted and
measured DTM nuclide concentrations of sample i, N
is the number of evaluated samples.

2.3 Predictive Performance

Table I presents the predictive performance for each
DTM nuclide obtained through LOOCYV. Performance
differences between SF and nonparametric models
varied with r between the logio concentrations of the
DTM nuclide and Cs-137. For Sr-90 (r = 0.78) and Tc-
99 (r=0.62), SF used log-linear regression because r >
0.6. Most models showed only minor differences from
SF in the percentage of predictions within a factor of 10
and MALE (Fig. 1).



Table I: Predictive performance of SF and five nonparametric
regression models under LOOCV

Sr-90 (N = 445) Te-99 (N = 448) 1-129 (N = 446)

Method  FO10 FO10 FO10
MALE MALE MALE
[7e] [7e] [“o]
SF 625 0913 694 0799 404 1519
RF 61.1 0911 681 0823 711 0.787
GP 62.5 0901 699 0.786 756 0.751

Isotonic 620 0895 692 0785 747 0.753

LOWESS 625 0900 70.8 0.784 753  0.752

kNN 555 1.035 63.6 0921 652 0.893

FO10, percentage of predictions within a factor of 10 of the
measured value. Differences were computed from unrounded
rates.
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Fig. 1. Difference in the percentage of predictions within a
factor of 10 relative to SF. Positive values indicate higher
rates than SF; differences are expressed in percentage points.

For 1-129 (r = 0.55), SF used the geometric mean
concentration ratio because r < 0.6. All five
nonparametric models improved predictive performance.
The percentage of predictions within a factor of 10
increased by 24.9 to 35.2 percentage points relative to SF,
and MALE also decreased (Table I, Fig. 1). Fig. 2
compares the predicted and measured concentrations of
Sr-90, Tc-99, and I-129 for SF and LOWESS.
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Fig. 2. Predicted versus measured DTM nuclide concentrations
for SF and LOWESS.
3. Conclusions

SF and five nonparametric regression models were
compared using LOOCYV to predict Sr-90, Tc-99, and I-
129 concentrations. For Sr-90 and Tc-99, most models
showed only minor differences in predictive
performance relative to SF. For 1-129, SF used the
geometric mean concentration ratio, and nonparametric
regression improved both the percentage of predictions
within a factor of 10 and MALE.

Nonparametric regression can therefore improve
predictive performance relative to SF when a constant
concentration ratio does not adequately represent the
relationship between nuclides.
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