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CHAPTERR FOUR 

ACCURATEE PREDICTION OF THE RETENTION BEHAVIOUR OF 

POLYDISPERSEE MACROMOLECULES BASED ON A MINIMUM NUMBER OF 

EXPERIMENTS. . 

Abstract t 

Retentionn models can be used to predict the retention behaviour of analytes in LC separations. A 

retentionn model can be expanded to predict the retention behaviour of members of a homologous 

seriess (such as a polymer), if a relationship between the model parameters and molecular-structure 

parameterss can be found. Typically, this involves a large number of experiments (over 100 

includingg duplicate measurements) and it can be quite time consuming. To overcome this, we have 

developedd a globalised version of the re versed-phase model that can accurately predict the retention 

behaviourr of polystyrenes based on a drastically reduced number of experiments. 

Thee globalised model can predict retention time as a function of molar mass and gradient slope. 

Bothh the original and globalised versions of the model were rigorously validated in terms of the 

differencee between the predicted and experimental retention times. The original model had very 

loww residuals and there was no apparent dependence of the errors on the applied gradient, the molar 

masss or the retention times. Confidence intervals for the model parameters (S and In ko) were 

determinedd using a bootstrapping analysis of the residual errors in the predicted retention times. 

Confidencee intervals broadened significantly as the mass of the polymer increased. The parameters 

weree also seen to be highly correlated. For the global model, retention-time residuals remained 

quitee low, even when the number of experiments used to determine the model parameters was 

reducedd from approximately one hundred to ten. 

Introduction n 

RetentionRetention models for HPLC 

Thee theory of liquid chromatography has been developed during several decades and some well-

establishedd descriptions are now in place for the elution behaviour of solutes in different 

chromatographicc systems (1,2, 3). The retention behaviour of a solute can be described in terms of 

thee relationship between its retention factor (k) and the (isocratic) mobile-phase composition (i.e. 
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thee volume fraction of strong solvent, (p). For re versed-phase chromatography, the logarithm of the 

retentionn factor is found to vary in an approximately linear manner with the mobile-phase 

compositionn according to: 

\nk=]nk\nk=]nk00-S<p-S<p (1) 

wheree ko is the retention factor of the analyte in 100% of the starting (weak) solvent and S is the 

solvent-strengthh parameter (a measure of the rate of change of the retention factor with increasing 

mobile-phasee strength) (4, 5, 6). Depending on the type of chromatography, other retention 

mechanismss may be more appropriate. For example, for normal-phase chromatography, a linear 

relationshipp between the logarithm of the retention factor and the logarithm of the mobile-phase 

compositionn is predicted: 

logg k = log kx - m log <p (2) 

wheree kj is the retention factor of the solute at <p = 1 (i.e. in 100% strong solvent) and m is the 

observedd slope (7). In both cases the model parameters can be estimated by measuring retention 

timess at various (isocratic) mobile-phase compositions. If the model holds, then a linear (or 

approximatelyy linear) relationship should be found, according to the relevant equation (equation 1 

orr 2 above). 

Forr the chromatographic characterisation of high-molar-mass samples, such as polymers, isocratic 

chromatographyy is not always practical, because there is not always a wide enough range of mobile-

phasee compositions where meaningful (i.e. finite but non-zero) retention can be measured. For 

example,, for high-molar-mass-polymers the transition between infinite retention and zero retention 

occurss within a very narrow range of mobile-phase compositions (8, 9). In this case, gradient-LC is 

moree appropriate and the retention model must be solved using gradient LC retention data, taking 

intoo account the shape of the gradient. For a linear gradient (i.e. cp = A + Bt, where A is the initial 

mobile-phasee composition and B is the composition change in mobile-phase (cp) per unit time) and 

assumingg a reversed-phase retention mechanism (equation 1), retention times for solutes eluting 

withinn the gradient can be calculated as: 

ttRR =—]n\l  +SBk(A) 
SB SB ++  tm+*D  (3) 

k(A) k(A) 

wheree kA is the retention factor of the solute in the initial mobile-phase composition and tD and tm 

aree the dwell time of the system and the dead-time of the column, respectively (3). When kA and S 

off  a solute are known, the retention time of that solute can be predicted under any gradient or 

isocraticc conditions. Conversely, S and kA (and thus also ko) can be estimated when the retention 

timee of a solute is measured as a function of B. 
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ChromatographicChromatographic retention of polymers 

Thee mechanisms controlling the chromatographic retention of large molecules, such as polymers, 

aree still not fully understood. It has been suggested that retention is controlled by a precipitation-

redissolutionn mechanism, where analyte molecules are either fully retained or fully eluted, 

dependingg on the strength of the mobile-phase (8, 10, 11). Other research suggests that the 

retentionn of macromolecules is similar to the retention of smaller analyte molecules, i.e. equations 1 

andd 2 hold equally well for large as for small molecules (12). We take the latter approach and test 

thiss by testing the validity of the models (equations 1 and 2) for the chromatographic retention of a 

seriess of polystyrene standards (different masses) in a non-aqueous reversed-phase system. In 

previouss research, we have compared experimental retention values to retention times that were 

predictedd using the reversed-phase model (equations 1 and 3) (13, 14). Excellent agreement 

betweenn experimental and predicted retention times was obtained, indicating that the model was 

appropriatee for this LC separation. In general, the mechanisms involved in retention will depend on 

thee sample, the concentration of the analytes, the choice of mobile phase and on the strength of the 

interactionn between the sample and the stationary phase. The validity of a particular retention 

mechanismm (and the models associated with that mechanism) should be explored on a case-by-case 

basiss (15, 16). 

ApplyingApplying retention models to polydisperse analytes 

Noo single molecular structure can be assigned to a polydisperse sample. Instead, polydisperse 

analytess are characterised by distributions of, for example, molar mass, chemical composition, 

functionall  or end-groups, etc. (17). The members of the distribution will have different retention 

behaviourr across the distribution and no single set of parameters (e.g. S and In ko) can adequately 

describee retention across the distribution. For the RP model, there is a strong relationship between 

55 and In ko for homologous series such as homopolymers (6, 13, 14, 18, 19). This means that model 

parameterss can only change concomitantly within a distribution, so that the retention lines (In k 

versuss tp) are anchored to a common point (where all members of the series have the same retention 

factor).. This is known as the critical mobile-phase composition. 

DeterminingDetermining correlations between modelparameters and molar mass 

Whenn the retention of a single (very narrow) polymeric standard is measured as a function of the 

gradientt slope B, the model parameters S and In ko for that standard can be estimated. If the model 

iss appropriate, then the retention behaviour of that standard under any gradient or isocratic 

conditionss can be predicted. By estimating 5 and In ko values for a range of standards (same 
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polymer,, different masses), the relationship between the model parameters and mass can be 

established.. When there is a definable correlation between the model parameters and molar mass, it 

iss possible to predict the parameters for a given polymer within the mass range studied. The well-

knownn Martin rule predicts a linear relationship between In k and the number of repeat units on the 

macromoleculee (20), although it has been reported that it can fail for both low and high masses (21). 

Skovrtsovv and Trathnigg have suggested that the Martin rule only holds under special conditions, 

relatedd to the radius of gyration of the molecule (22). In this study, we have examined the 

relationshipp between the RP model and molar mass for a series of polymeric standards. Using 

confidencee intervals and weighted linear and non-linear regression analysis, we have found the best 

relationshipp between the model and the molar mass of the polymer. Using this relationship, we 

havee developed a globalised version of the model, i.e. made it applicable to a range of masses of the 

polymerr rather than just the specific masses that were measured. With this global approach, we 

havee been able to accurately describe the retention behaviour of polydisperse analytes. We have 

alsoo been able to dramatically reduce the number of experiments that are required to understand and 

predictt the chromatographic retention behaviour of a polymer. 

Experimental l 

Experimentss were carried out on a Waters 2690 liquid chromatograph. Gradient control, data 

acquisitionn and data analysis were handled by Waters Millennium 3.2 software. The stationary-

phasee was Supelco Discovery CI8, particle size 5 |im, pore diameter 180 A. Column dimensions 

weree 150 mm x 2.1 mm i.d. and column temperature was maintained at 25°C. The solvents were 

THFF (Biosolve, Valkenswaard, The Netherlands) and acetonitrile (Rathburn Chemicals Ltd, 

Walkerburn,, Scotland). Both were HPLC grade. The flow-rate was 0.2 mL/min. Samples 

consistedd of low-dispersity polystyrene standards (Polymer Laboratories, Church Stretton, UK). 

Thee sample-injection volume was 5 |uL and sample concentrations were 1.5 mg/mL. For the 

calculationn of the model parameters (5 and In ko), gradient programs from 5 to 95% THF in 

acetonitrilee were run over 20, 45, 60 and 90 minutes. Peak detection was performed with a Waters 

PDAA 996 diode-array detector. All samples were run in duplicate. MATLA B (Mathworks, Natick, 

MA,, USA) and Microsoft Excel (Microsoft, Seattle, WA, USA) were used for data analysis. 
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Resultss and discussion 

EstimationEstimation of the model parameters S and In ko. 

Iff  the RP model is an appropriate model for the chromatographic separation of a particular analyte, 

thenn values of 5 and In ko can be found that can predict the retention behaviour of that analyte under 

anyy gradient or isocratic mobile-phase conditions (for the given LC system). By measuring the 

retentionn time of the analyte under a number of different gradient conditions, values for S and In k0 

thatt give the least overall error in prediction can be estimated. A simple (though somewhat tedious) 

approachh to the estimation of the model parameters is to perform a grid search that plots the 

variationn in the error of prediction as a function of S and In k0. When the inverse of the error is 

plotted,, the maximum in the grid corresponds to the best combination of S and In ko for that sample 

(figuree 1). 

Figuree 1: Surface plot showing the variation in the SSQ ' (i.e. the inverse of the squared difference between the 

predictedd and experimental retention times) as a function of S and In ko-

Inn our previous papers, we calculated optimal values of S and In k0 using the solver tool in 

Microsoftt Excel. Solver uses a generalised reduced-gradient non-linear optimisation procedure 

(23).. This approach is useful, because it can find optimum values for any number of parameters 

reasonablyy quickly. However, the results are obtained from an empirical stepwise process akin to 

computerisedd trial-and-error. Solver can also be misleading, because local rather than absolute 

optimaa are sometimes reported. This problem can be reduced, but not totally avoided by starting 

thee process several times, using different initial estimates. The best results are obtained if 

approximatelyy correct values for 5 and In k0 can be used as the starting point. In this work, an 
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alternativee approach to estimating S and In ko, using non-linear regression, was used (24). This 

approachh is in some ways similar to solver. It is also iterative and it can also get lost in local 

optima.. However, since the optimisation procedure is based on the actual relationship between the 

modell  parameters, it generally reaches a more-accurate optimum than solver and it can do so more 

quickly.. Both techniques gave quite similar values for S and In k0 for the polystyrene standards (see 

tablee 1). For higher masses, the differences were larger, but they remained well within the 

calculatedd 95% confidence interval for each standard (see discussion below). 

Tablee 1: Calculated parameters for the global model using different data sets. 

Masss of 
Standardd (Da) 

1700 0 

2100 0 

3250 0 

4000 0 

7000 0 

10900 0 

17600 0 

30000 0 

39200 0 

76600 0 

117000 0 

160000 0 

325000 0 

S S 
„„  , Non-linear Solver Solver 

regression regression 
13.93 3 

14.05 5 

17.82 2 

23.09 9 

25.96 6 

29.58 8 

36.17 7 

49.15 5 

57.37 7 

80.50 0 

113.75 5 

156.93 3 

397.37 7 

13.96 6 

14.35 5 

17.35 5 

22.30 0 

25.55 5 

28.25 5 

35.92 2 

48.43 3 

56.95 5 

84.24 4 

120.83 3 

169.64 4 

319.96 6 

lnko o 
„„  , Non-linear Solver Solver 

regression regression 
3.63 3 

4.38 8 

6.22 2 

8.27 7 

10.07 7 

12.14 4 

15.67 7 

22.27 7 

26.46 6 

38.14 4 

54.56 6 

75.75 5 

194.06 6 

3.63 3 

4.44 4 

6.09 9 

8.01 1 

9.92 2 

11.62 2 

15.57 7 

21.95 5 

26.27 7 

39.93 3 

58.00 0 

81.99 9 

157.94 4 

ValidationValidation of the Model 

Usingg the model (equation 1) and the estimates of S and In ko from non-linear regression, a curve 

showingg the relationship between retention time and the gradient slope B (for a given initial mobile-

phasee composition (A)) can be predicted. 
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Solven tt  gradien t (vol%/sec ) 

Figuree 2: Predicted curve for the relationship between retention time and gradient slope B for a series of 

polystyrenee standards. The points correspond to the equivalent experimental values. 

Figuree 2 shows the predicted curves for all of the masses measured, along with the experimental 

retentionn times measured at different gradient slopes. It is clear that the model can describe the 

retentionn behaviour of all the standards, in all the applied gradients. Errors in the prediction were 

assessedd more rigorously by calculating retention-time residuals, i.e. the differences between the 

predictedd and experimental retention times. Residual errors for all of the polymer samples as a 

functionn of B, are plotted in figure 3, along with an indication of the measurement error (i.e. 

experimentall  error) calculated from the 95% confidence interval of duplicate measurements of each 

standardd at each applied gradient. 

Solven tt  gradient / (vol%/sec ) 

Figuree 3: Residuall  errors in prediction using the RP model and the values of S and In ko-
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Thee residual errors (errors in prediction) are quite dependent on the measurement errors and 

increasee with increasing measurement error. In most cases, residual errors are well within the 

experimentall  error. This indicates that the model describes the retention behaviour of these samples 

veryy well, since the error appears to be mainly due to experimental error rather than any error in the 

model.. The two measurements with the largest residuals correspond to the duplicate injections of 

thee PS 1700 standard eluting from the shallowest gradient (5 to 95 % THF in ACN in 90 minutes). 

Thee chromatographic peaks corresponding to these measurements are broad and flat because 

selectivityy in this mass range and under these chromatographic conditions is very high (14). The 

truee peak top was therefore difficult to determine for these peaks and so the measurement error was 

quitee large (when measuring the retention time of a polydisperse sample, it is assumed that the peak 

maximumm corresponds to the average mass of that standard i.e. its Mp value. While this can be a 

reasonablee assumption for Gaussian-shaped chromatographic peaks, it is not always the case for 

asymmetricall  peaks. Coupling the separation to a mass spectrometer overcomes this problem). 

Residuall  errors were also plotted as a function of molar mass and retention time. In all cases, errors 

weree low, non-systematic and comparable to the measurement error. The low, non-biased nature of 

thee residuals in figure 3 indicate that (a) the RP model is an appropriate model for an accurate 

descriptionn of the chromatographic separation in question and (b) the model works equally well for 

alll  gradient slopes and molar masses within the ranges that were tested. 

DeterminationDetermination of confidence intervals for estimated S and In ko values using bootstrapping 

analysis. analysis. 

Confidencee intervals for each of the S and In ko estimates were determined using external 

bootstrappingg analysis (25). Bootstrapping analysis uses retention time residuals to generate 1000 

neww data sets where: 

k.l l 
htoa,htoa, =tRtPredicled+AtR where Affl is a noise data point generated by: AtRi  \AtRi\ is 

thee retention time residual calculated from non-linear regression, e, is a random number taken from 

aa N(0,1) Gaussian distribution and /i„  is a value between 0 and 1 and is a measure of the model 

leveragee for the residual /' (the model leverage is an indication of the influence a given point has on 

thee estimation of the model parameters the higher ha is, the more that point influences the model). 

Thee new data set (using IR, hooi as the retention time) is again fitted using non-linear regression to 

givee new estimations of S and In ko {Sboot and In ko,boot) that are different from the original estimation 
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(Sbest(Sbest and In ko,besd- This procedure was repeated 1000 times, to give 1000 separate estimations of 

SbSbaoao,, and In ko.baat- Examples of the estimations are given in figure 4. 

OOO 250 300 350 400 450 500 550 600 650 700 

Figuree 4: Values of 5 and In k0 calculated using external bootstrapping analysis, (a) PS 1700 (b) PS 325,000. 

DD = optimum value. 

Fromm the bootstrapping procedure, 95% confidence intervals for the parameters were determined. 

Confidencee intervals were seen to get significantly larger as molar mass increased; in other words, 

thee range of S and In ko values that can reasonably estimate retention times gets broader as mass 

increases.. The confidence intervals prove that both the non-linear regression and Solver approaches 

too the estimation of S and In k0 (table 1) give statistically similar results. Figure 5 shows the 

estimatedd best values of S and In ko and their confidence intervals for all of the standards. The 

strongg correlation between the parameters for the homologous series is clear. This correlation is 

usefull  because it simplifies the model (since, if one of the parameters is known, then the other can 

bee predicted). The correlation also proves the existence of a critical mobile-phase composition 

wheree all members of a homologous series co-elute, regardless of their In ko value. This is a 

particularr form of isocratic chromatography called critical chromatography. Its relevance and its 

linkk to the model have been discussed in more detail in earlier papers (13, 19). 
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450 0 

300 0 

350 0 

300 0 

200 0 

150 0 

100 0 

50 0 

0 0 
I I 

Figuree 5: Correlation between S and In ko for all the standards studied. Points correspond to Sbesl and In ko.bea 

calculatedd using non-linear regression (see table 1 also). Lines correspond to the confidence intervals 

calculatedd using external bootstrapping analysis. 

CreatingCreating a global model to predict retention times as a function of molar mass 

Fromm the original model, if S and In ko are known for a particular standard, retention time can be 

calculatedd as a function of the mobile-phase conditions (i.e. A andfi), i.e. tRI = g(Sn\nk0i,A,B). S 

andd In ko are estimated for each standard i, by measuring its retention time /«,,  at different gradient 

slopess B. This approach can only be used to predict the retention behaviour of specific samples 

wheree S and In ko are known or can be estimated. The model, in this case, is rather limited in its 

application,, because it cannot predict the retention behaviour of polydisperse samples i.e. samples 

fromm the same homologous series with different molar masses. If the model could be expanded, so 

thatt the relationship between the model parameters and molar mass could be established, then the 

modell  would become much more versatile. In that case, we would have a global version of the 

model,, represented by tRi= f(B,A,M,yv.yn), where M is molar mass and yj to y„  are the 

parameterss describing the relationship between the model parameters and molar mass. One 

functionn could then describe the retention behaviour of all members of the polymeric series (within 

thee mass range where the global model is valid). The effects of both molar mass and molar-mass 

distributionn (polydispersity) on the chromatographic separation could then be predicted. 

Sincee we already know that there is a strong correlation between S and In ko (figure 5), the slope and 

interceptt of this line are used as two of the parameters (yi and 72) in the global model. To link the 

parameterss with molar mass, a relationship between one of the parameters and molar mass is also 

required.. In this study, we have tested various (weighted) relationships between In ko and molar 

masss using linear and non-linear regression analysis and modified simplex searches. Weighting 

wass assigned according to the confidence intervals determined by bootstrapping analysis. Thus, S 
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andd In ko values that had small confidence intervals were more heavily weighted than values that 

hadd large confidence intervals. The relationship between molar mass and In k0 was difficult to 

describee using one straight line, even using weighted points. In ko values increased steeply with 

increasingg mass in the lower mass region. The curve then levelled off for masses above 

approximatelyy 4,000 Da. When all the masses were tested at once, weighted linear regression did 

nott give a good prediction of the relationship between molar mass and In ko. Because the 

confidencee intervals of low-molar-mass standards were much smaller than confidence intervals for 

high-molar-masss standards, the line was forced to go through low-molar-mass points, at the expense 

off  higher molar masses. This resulted in a bad fit of the In ko versus molar-mass relationship (see 

figuree 6) and ultimately in a global model that could not predict accurate retention times over the 

entiree mass range. 

Inn a second approach, the In ko versus molar-mass-relationship was taken to be bilinear, i.e. split 

intoo two separate straight-line relationships, with a 'transition mass' (Mc) at which there is a switch 

fromm one line to the other. Non-linear regression was not suitable for the determination of 

parameterss for the bilinear relationship, because the discontinuity of the transition point resulted in 

itt being over-sensitive to the starting values. A modified simplex-search method (26) gave robust 

resultss that did not depend on the starting values of the parameters. This approach again used 

weightedd data and could estimate the parameters to describe the two separate linear relationships 

betweenn mass and In ko, as well as the critical mass (Mc) where the transition between the two Unes 

tookk place. A much better fit was found using this approach and weighted residuals for the line 

weree small. Figure 6 compares the fit of the linear and bilinear models. There is no physical 

meaningg of the critical molar mass, i.e. the fit is mathematical rather then based on any real 

transitionn in the polymeric series. However, for the lower molar-mass region in particular, the 

bilinearr model worked better than the simple linear relationship (or other relationships based on 

continuouss curves). The bilinear model intersects the confidence intervals of all of the standards 

spanningg the entire molar-mass range thus providing a much-more-accurate estimate of the 

relationshipp between In ko and molar mass. 
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Masss (Da) x i o s Mass ([Da) x i o 4 

Figuree 6: Linear (dashed line) and bilinear (solid line) curves for the In k0 versus molar mass relationship, (a) 

entiree molar-mass range and (b) low molar-mass region. 

PredictingPredicting retention times using the global model 

Usingg the global model (i.e. the bilinear relationship between molar mass and In kg and the S versus 

Inn ko correlation), the retention time of a sample of the given polymer of any mass and 

polydispersityy can be predicted (within the range of masses covered by the model). The retention-

timee residuals calculated using the global model are given in figure 7 and should be compared with 

thee retention-time residuals calculated using the non-global approach (i.e. S and In ko estimated for 

singlee standards) given in figure 3. 

::  i ! 
III ii ii 
ii  i 

~""ll 2 3 4 5 6 7 8 

Solventt gradient (vol%/sec) x 1

Figuree 7: Retention time residuals (dots) calculated using the global model. Solid lines correspond to the the 

measurementt error (as in figure 5). All experimental results are shown. 
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Whenn the global approach is used, the residual error increases. This is because 5 and In ko estimates 

aree no longer optimised one by one, but are calculated from the relationship between molar mass 

andd the model. Some increase in the error of the prediction is therefore to be expected. However 

thiss is compensated by the enhanced versatility of the model. In general, the residuals remain 

reasonablyy low. Residuals were less than 60 seconds in all cases and less than 20 seconds in most 

cases.. Note that the retention times were long. The maximum relative residual was 3.2 %, and the 

mediann relative residual was only 0.5 %. The parameters of the global model are particular to a 

givenn polymer, in a given chromatographic system (in this case RPLC of polystyrene in 

THF/ACN).. However, with further experimental work, other homologous series in other 

chromatographicc systems can easily be characterised. As long as there is some way to describe the 

changee in retention behaviour across a homologous series, it should be possible to find a global 

model.. If a mass spectrometer can be coupled (off-line or on-line) to the separation, it is no longer 

necessaryy to use narrow dispersity standards of known molar mass, since the relationship between 

masss and retention time can be easily established from the MS data. This opens the way to model 

thee retention behaviour of novel homopolymeric (and possibly copolymeric) polydisperse samples. 

Onee important issue here is the number of experiments required to characterise a particular 

polymer.. If the number of experiments that are needed for each characterisation can be reduced 

(withoutt any significant reduction in the accuracy of the model), then the application of retention 

modelss to polydisperse systems will become much more attractive to the polymer analyst. 

ReducingReducing the number of experiments required. 

Usingg the global model (function f), retention can be described as a three-dimensional surface, such 

ass the one in figure 8 (the initial mobile-phase composition A is kept constant). The surface of this 

functionn is quite smooth, indicating that the relationship between B, molar mass and retention time 

changess in a reasonably predictable fashion. This suggests that the number of data points required 

too define the surface can be decreased, without compromising the accuracy of the prediction. In the 

originall  procedure (calculating model parameters for individual standards), thirteen different 

standardss were used and in each case four different gradient slopes were applied. Each 

measurementt was performed in duplicate, giving over one hundred measurements. This is a 

significantt amount of experimental work. If the number of experiments required could be reduced, 

manyy more systems could be characterised, with much lower costs (in terms of time and 

consumables). . 
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Molarr mass (Da) x10 

Figuree 8: Surface plot of the global model/. 

Thee global model requires six parameters, Yi to YÓ to predict the effect of molar mass on retention 

behaviourr within the model. These parameters are taken from the slope and intercept values of the 

correlationss i.e. 

Tablee 2: Definitions of the bi-linear model parameters. 

Parameterr Definition 

Yii  In tercept of the In ko vs. mass corre lat ion in the low mass range i.e. when M < 74. 

Y~Y~ S lope of the In k0 vs. mass correlat ion in the low mass range i.e. when M < y*-

Y33 Slope of the In k0 vs. mass correlation in the high mass range i.e. when M > 74. 

Y**  Transition mass (Mc). 

Yss Intercept of the S vs. In ko correlation. 

Y66 Slope of the S vs. In ko correlation. 

Inn addition, there are two experimental variables, i.e. the initial mobile-phase composition A and the 

gradientt slope B. The system parameters to and to must also be known or measured. In principle 

therefore,, only six measurements are required to calculate the parameters Yi to Ye of function ƒ. 

Whenn choosing the most-useful experiments for a reduced data set (i.e. the experiments that give 

thee most information), the shape of the function in figure 8 must be considered. Measurements are 

requiredd to span the surface (in terms of mass and B values), rather than focus on one particular 

area.. The measurements that were used in each data set are given in table 3. 
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Tablee 3: Details on the reduced data sets. 

DataData Set 2 Data Set 3 

Masses s 

1700x2 2 

2100x2 2 

32500 x 2 

4000x2 2 

4000x2 2 

109000 x 2 

392000 x 2 

766000 x 2 

3250000 x 2 

BB Values 

All All 

Masses s 

1700x2 2 

2100x2 2 

32500 x 2 

4000x2 2 

10900x2 2 

392000 x 2 

3250000 x 2 

BB Values 

All All 

DataData Set 4 

Masses s 

1700 0 

3250 0 

4000 0 

10900 0 

39200 0 

325000 0 

BB Values 

0.000167;; 0.00025 

0.000167;; 0.00025; 0.00033 

0.000167 7 

0.000167 7 

0.00033 3 

0.00025 5 

Tablee 4 shows four different data sets that were used to predict the parameters yi to y^. Data set 1 

usess all available (104) measurements, to calculate the parameters of function/(this corresponds to 

thee residual plot in figure 7). Data sets 2 to 4 use a limited number of data points (see table 3) for 

thee determination of the parameters yL to ye. The quality of the fit for data sets 2 to 4 are compared 

byy comparing the relative residual errors (maximum and median error) in the retention-time 

predictions. . 

Tablee 4: Calculated parameters for the global model using different data sets. 

Data a 
set t 
1 1 

2 2 

3 3 

4 4 

N N 

104 4 

72 2 

56 6 

9 9 

Parameterss of the global model 

Yi i 
0.47 7 

0.41 1 

-0.56 6 

0.17 7 

Y2 2 
0.0018 8 

0.0018 8 

0.0024 4 

0.0021 1 

Y3 3 
0.0007 7 

0.0007 7 

0.0008 8 

0.0008 8 

Y4 4 
4000 0 

4132 2 

2947 7 

4000 0 

Ys s 
5.20 0 

5.56 6 

5.56 6 

6.82 2 

Y6 6 
2.00 0 

2.00 0 

2.00 0 

1.98 8 

Relative e 
Residualss (%) 

Median n 
0.5 5 

0.7 7 

0.6 6 

0.7 7 

Max x 
3.2 2 

3.0 0 

4.5 5 

3.1 1 

Figuree 9 shows the residual errors for the final data set (nine measurements). It is clear that 

drasticallyy reducing the number of measurements does not adversely affect the predictive quality of 

thee model. The maximum relative error was as low when only nine measurements were used to 

determinee the parameters of function/, as when all 104 measurements were included in the data set. 
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Figuree 9: Residual errors calculated using the global model and data set 4 to define the function ƒ (see tables 3 

andd 4 also). 

Conclusions s 

Wee have shown, through rigorous validation, that the RP model works very well for the 

characterisationn of polystyrene in RPLC. We have also shown that by making the link between the 

modell  and molar mass, the retention models become more general and therefore, more useful 

predictivee tools. A drastic reduction in the number of experiments that are necessary to characterise 

aa polymer sample was possible using this generalised (or global) model, without jeopardising the 

qualityy of the prediction. This reduction in the experimental workload, along with the use of a mass 

spectrometer,, opens the way for the characterisation of many more polydisperse macro molecular 

systems,, including novel and unknown samples. As a further stage in this research, other polymeric 

systemss will be studied, to investigate if our approach remains valid and to help improve our 

generall  understanding of the retention behaviour of macromolecules. 
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