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Abstract: It is well known that the prediction errors from principal component regression (PCR) and partial least-squares regression (PLSR) can be reduced by using both labeled and unlabeled data for stabilizing the latent subspaces in the calibration step. An approach using Kalman Filtering has been proposed to optimally use unlabeled data with PLSR. In this work, a sequential version of this optimized PLSR as well as two new PLSR models with unlabeled data, namely PCA-based PLSR (PLSR applied to PCA-preprocessed data) and imputation PLSR (iterative procedure to impute the missing labels), are proposed.  It is shown analytically and verified with both simulated and real data that the sequential version of the optimized PLSR is equivalent to PCA-based PLSR. 
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1. Introduction

In multivariate spectroscopic calibration, the noisy instrumental measurements 
[image: image1.wmf] can be related to the corresponding concentrations of a reference analyte 
[image: image2.wmf] by the inverse model 
[image: image3.wmf], where 
[image: image4.wmf] represents the residue in 
[image: image5.wmf] and 
[image: image6.wmf] the regression vector.  The goal is to then predict the analyte concentrations 
[image: image7.wmf] from newly measured instrumental data 
[image: image8.wmf], i.e. 
[image: image9.wmf], where 
[image: image10.wmf] is the estimate of 
[image: image11.wmf]. Any measured data 
[image: image12.wmf], for which the corresponding analyte concentrations are not available, are referred to as unlabeled data. Unlabeled data might encompass the additional 
[image: image13.wmf] measurements available during calibration or the prediction data 
[image: image14.wmf] available off-line. 

It has been shown that the prediction error from principal component regression (PCR) can be reduced by using both labeled and unlabeled data for stabilizing the principal component subspace in the calibration step (Isaksson, 1990; Edward, 1995). The resulting model will be referred to as Ed-PCR. Ergon approached the same problem based on Kalman filtering theory (Ergon, 2002; Ergon, 2003) and developed an optimized PCR predictor that turned out to be the same as that found in Isaksson (1990) and Edward (1995). Ergon also derived an optimized predictor for partial least-squares regression (optimized PLSR). The loadings of this predictor are not estimated sequentially. Sequential estimation involves determining one loading followed by deflation of 
[image: image15.wmf], from which the next loading can be estimated. Ergon's non-sequentially estimated optimized PLSR will be referred to as NSO-PLSR. A sequential version of this algorithm and two new PLSR models with unlabeled data are proposed in Section 2. Section 3 compares these models for simulated and real data examples, and Section 4 concludes with a discussion. 

2. PLSR with unlabeled data

A brief outline of three new PLSR methods with unlabeled data is presented here. These methods are (i) sequentially-estimated optimized PLSR (SO-PLSR), (ii) PCA-based PLSR (PCA-PLSR), and (iii) imputation PLSR (I-PLSR).

2.1. Sequentially-estimated optimized PLSR (SO-PLSR)

This method is a minor adaptation of NSO-PLSR (Ergon, 2002). The following algorithm is proposed for calibration:

1. Estimate the first loading as in NSO-PLSR,

2. Deflate the 
[image: image16.wmf] matrix.

The deflated 
[image: image17.wmf] is then used again in Step 1 to compute the next loading. These steps are repeated until 
[image: image18.wmf] loadings are obtained.

2.2. PCA-based PLS (PCA-PLSR)

This method first orthogonalizes 
[image: image19.wmf] with respect to the error covariance estimated from 
[image: image20.wmf], followed by PLSR. The following algorithm is proposed for calibration:

1. Perform a principal component analysis (PCA) of 
[image: image21.wmf] and retain 
[image: image22.wmf] factors. 
[image: image23.wmf] and 
[image: image24.wmf] are the scores matrices, 
[image: image25.wmf] the loading matrix, and 
[image: image26.wmf] the residual matrix.

2. Develop a PLSR model with 
[image: image27.wmf] factors for the data pair 
[image: image28.wmf]. 

It will be shown in the full paper that PCA-PLSR projects the first loading on the column space of 
[image: image29.wmf]. 

2.3. Imputation PLSR (I-PLSR)

This method is based on imputation of missing data, namely 
[image: image30.wmf]. The following algorithm is proposed for calibration:

1. Develop a PLSR model with 
[image: image31.wmf] factors for the data pair 
[image: image32.wmf]. Use this model to predict 
[image: image33.wmf] at iteration step 
[image: image34.wmf].

2. Increment 
[image: image35.wmf] and develop a PLSR model with 
[image: image36.wmf] factors for the data pair 
[image: image37.wmf]. Use this model to predict 
[image: image38.wmf].

Repeat Step 2 until convergence in 
[image: image39.wmf] based on a heuristically-defined termination criterion.

3. Illustrative examples and results

The simulation example of Ergon (2002) is used to illustrate the proposed methods. Using mean-centered data and 
[image: image40.wmf] chosen as 3, the relative root-mean-squared error of prediction (RRMSEP) averaged over 100 Monte Carlo simulations is shown in Tables 1 and 2. The normalization is done with respect to the range of 
[image: image41.wmf]. Since PLSR utilizes more degrees of freedom per factor than PCR (Voet; 1999), often fewer factors are required in PLSR than in PCR (Wentzell, 2003), and so the study is limited to cases with 
[image: image42.wmf].  As a second example, the metal ion data, also taken from Ergon (2002), is considered and the RRMSEP of cobalt is shown in Tables 3 and 4. The data is autoscaled, 
[image: image43.wmf] is chosen as 5, and values for 
[image: image44.wmf] are considered.  The following observations can be made: 

· SO-PLSR and NSO-PLSR lead to slightly different RRMSEPs for certain values of 
[image: image45.wmf], while SO-PLSR and PCA-PLSR lead to equivalent RRMSEPs for all values of 
[image: image46.wmf]. For the simulated example, the first of the three estimated loading vectors from PCA-PLSR, NSO-PLSR and SO-PLSR are shown in Figure 1. It is seen in Figure 1(a) that PCA-PLSR and NSO-PLSR lead to a slightly different loading vector, while Figure 1(b) shows that PCA-PLSR and SO-PLSR lead to the same loading vector (proof given in full paper). This confirms the equivalence of SO-PLSR and PCA-PLSR.

· When 
[image: image47.wmf], NSO-PLSR is equivalent to SO-PLSR and hence the RRMSEPs are also the same. For 
[image: image48.wmf] (= 3 in Example 1, and = 5 in Example 2), both NSO-PLSR and SO-PLSR become a similarity transform of Ed-PCR (proof given in full paper), and hence the RRMSEPs are again equal (see the bold numerical values in Tables 1-4).

· For intermediate values of 
[image: image49.wmf], i.e. 
[image: image50.wmf], SO-PLSR and NSO-PLSR are different by less than 0.05%. 

· I-PLSR performs poorly, often leading to worse RRMSEP than that obtained with PLSR.

Table 1: %RRMSEP obtained with the uncorrected and corrected PCR calibration models for the simulated example.

	
[image: image51.wmf]
	PCR
	Ed-PCR

	1
	13.715
	13.713

	2
	12.406
	12.754

	3
	6.771
	5.379


Table 2: %RRMSEP obtained with the uncorrected and corrected PLSR calibration models for the simulated example.

	
[image: image52.wmf]
	PLSR
	NSO-PLSR
	SO-PLSR or

PCA-PLSR
	I-PLSR

	1
	11.448
	11.465
	11.465
	13.253

	2
	6.709
	6.067
	6.067
	10.268

	3
	6.318
	5.379
	5.379
	5.653


Table 3: %RRMSEP obtained with the uncorrected and corrected PCR calibration models for the experimental metal ion data.

	
[image: image53.wmf]
	PCR
	Ed-PCR

	1
	47.992
	40.090

	2
	17.788
	18.859

	3
	3.566
	3.346

	4
	3.694
	2.586

	5
	3.694
	2.489


Table 4: %RRMSEP obtained with the uncorrected and corrected PLSR calibration models for the experimental metal ion data.

	
[image: image54.wmf]
	PLSR
	NSO-PLSR
	SO-PLSR or

PCA-PLSR
	I-PLSR

	1
	42.146
	42.271
	42.271
	50.574

	2
	5.332
	4.030
	4.039
	12.687

	3
	3.429
	2.393
	2.355
	3.080

	4
	3.497
	2.592
	2.594
	2.729

	5
	3.402
	2.489
	2.489
	4.178


Figure 1: Simulated example: First loading of NSO-PLSR, SO-PLSR and PCA-PLSR with 
[image: image55.wmf].

[image: image56.wmf]
4. Conclusion

Ergon showed that his optimized PCR derived using Kalman filtering is the same as Edward's PCR. It has been shown here that Ergon's optimized PLSR derived using Kalman filtering also turns out to be similar to PCA-based PLSR. The difference between the two methods lies only in the sequential estimation of factors in the PCA-based PLSR and the non-sequential estimation in Ergon's optimized PLSR. For the examples considered, the difference in the RRMSEP with sequentially-optimized PLSR and non-sequentially optimized PLSR is less than 0.05%.
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