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Abstract

The relationship between retention indices and molecular descriptors of alkanes is established by two-step multivariate
adaptive regression splines (TMARS). TMARS combines linear regression with multivariate adaptive regression splines
(MARS). It is demonstrated for the present data set that using linear regression or MARS modeling alone causes lack of fit.
TMARS avoids lack of fit and appreciably improves the prediction ability for the model. The use of this combined approach
permits the development of additional understanding of the adaptive nature in MARS modeling.
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1. Introduction methods to set up the model; (3) to evaluate the
model built. This study is concerned with the latter
Constructing quantitative relationships between two steps.
molecular structure and gas chromatographic reten- Linear methods, such as multiple linear regression
tion indices has been studied repeatefdly4]. The (MLR), partial least squares and principal component
main goal is to develop a suitable model to predict regression are the more evident ones when searching
the retention behavior and to explain the molecular for a relationship between molecular structure and
mechanisms in gas chromatography. gas chromatographic retention. The descriptors are
The common approach for building a structure— included into the multiple linear regression model
retention relationship consists of the following steps: using variable selection procedures such as best
(1) to develop (or to select) the descriptors for the subset, backward and stepwise selg@]oor
molecular structure; (2) to use proper mathematical more sophisticated ones that use genetic algorithms

and simulated annealin§7,8]. Then the multiple
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R>0.99) and the~-test value is larger than several

hundreds or thousands, the model is regarded as very
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stated above, the exact forftx)ofs not known.

good. However, many examples show that there can f(x) based on the available data set as an approxi-

still be unacceptably large residuals for some chro-

matographed substances compared to measurement

errors. This means that there is a lack of fit for the
model. One can increase the fit by including more
descriptors into the model, but this does not give a

matidipdathat can perform well over the domain
of interest.

2.1. Multiple linear modeling

better prediction. Indeed, when the root mean square The most prevalent way to approximate the rela-

error of cross validation (RMSECV) serves as a
criterion to determine the model dimension, it will be
found that more descriptors may lead to poorer
prediction performance.

One possible reason for lack of fit is that the
available descriptors give an incomplete description
of molecular structure. Thus, seeking more informa-
tive descriptors for chemical structure has long been
the aim of many researchers, and has led to the
development of many molecular descriptors.

Another reason is that the linear model has limited
flexibility to characterize the relationship between
molecular structure and gas chromatographic reten-
tion index. It is the simplest and the most popular,

but nonlinear methods are more general. There are

two well-known methods, which have been used to a
large extent in various disciplines during the last
decade. One is neural networf9]. The other is
multivariate adaptive regression splines (MARS)
[10-14]. While neural networks have been studied
extensively in chemometrics, this is not the case for
MARS.

The aim of this study is to develop a new strategy
of MARS modeling which is called two-step MARS
(TMARS). TMARS attempts to build a model
between retention index and molecular descriptors
based on linear modeling in a first step. In a second
step, when it is found that the model shows lack of
fit, splines are added to the model.

2. Methods

The general model to be constructed is:
y=f(x) +e (1)

wherey is the retention indexe the measurement
error andx a vector of molecular descriptors. As

tionship is to use a linear function:

y=fx)=a,+x'a+te

(2)

where a, is the intercept,a the p X1 vector of
regression coefficients, the p X 1 descriptor vector,

p the number of descriptors and the supersctipt
stands for transpose. If there is more than one
compound,

(3)

wherey is the n X 1 retention index vector fon
compoundsX is the corresponding X p descriptor
matrix, 1 is the vector of ones, and is the error
vector.

In this study, the forward stepwise algorithm is
used to select the descriptors included in the model.

y=f(X)=1a,+Xa+e

2.2. MARS modeling

MARS uses left-sided (Eq. (4)) and right-sided
(Eq. (5)) truncated power functions as spline basic
functions

) —x)9 if ,

by (x—t) =[-(x—1)]% = {g ot);)er\;vize< t “)
. —t)9, if ,

by (x—t)=[+x—-1]%1 = {E)X ot:\)er\:vi:e>t )

whereq (=0) is the power to which the splines are
raised in order to manipulate the degree of smooth-
ness of the resultant function estimate. Wiees 1,
which is the case in this study, a simple linear spine
is applied,t is called the knot locatiorfig. 1 shows
a pair of spline functions whegq =1 att=0.5.

For model (3), a total ofip pairs of spline basic
functions, {[+(—t)],, [-(x—1].} corre-
sponding to the knot location=x; (i=1, 2,...,n,

The goal of regression analysis is to build a function



Q.-S Xu et al. / J. Chromatogr. A 998 (2003) 155-167

157

0.5

0.4

©
w

- . (t-x),

Basis function

o
[

0.1

| I | | |

0.1 0.2 0.3

Fig. 1. A pair of one-sided spline basis functions (8.%), and & —0.5), .

i=12,...
(3).

The basis functions for MARS consist of either
one single spline function or the product of two (or
more) spline functions of different descriptors. The
fundamental idea of MARS is to use the combination
of basis functions to approximate model (1)

, ), wherex; is thejth descriptor in Eg.

ful) =2+ 2 a,B,(x) (6)

where a, is the coefficient of the constant basis
function, B.,(X) the mth basis function which may be
a single spline function or product (interaction) of
two (more) spline basic functions,, the coefficient
of the basis function and/ the number of basis
functions included into the model.

MARS first uses a “two at a time” forward

stepwise strategy to select a pair of basis functions C(M) =M + dc

into the model. The pair of basis functions is the one

that fit the model best at the current stage. When the
model has become excessively large and obviously
overfits the data, MARS then uses a “one at a time”
backward stepwise strategy to prune the basis func-
tions. The generalized cross validation (GCV) is the
mean squared residual of fit to the data divided by a

penalty to account for the increased model complexi-

ty. This criterion is used to avoid an excessive

number of spline basis functions

L 20y )
GCVM) == - =2

n  [1-CM)/n]? (1)

whereC(M) is a complexity penalty function which
increases as the number of terms. It is defined as

(8)
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M is the number of terms in Eq. (63,is the number
of basis functions that consist of spline functions (or
nonlinear terms). In this study, the parameter 2,
the maximum interaction order of the spline func-
tions is restricted to 3.

As more spline basis functions are included into

the model, the bias of model estimates decreases, but

the variance increases. The GCV could supply a
suitable data-dependent estimate of future prediction
error if the penalty function is well defined and this

prediction error estimate is minimized with respect to
the parameters of the strategy. In summary, MARS
yields a model for the response that automatically
selects the spline basis functions included into the
final model. This model balances GCV against the
bias of model estimates. Further details on MARS
modeling are given in Refl10].

2.3. A two-step modeling procedure

As stated above, the linear model fits well the
relationship between retention index and molecular

or
Zzlj;(yij - 9i)2 =
22, (y = )+ Zm(, = v)° (10)

where N stands for the total number of different
objects, Y1, Yip .-, Yim are m; replicate ob-
servations of théth objectx; (i=1, 2,...,N), ¥,
andy, are the estimate and the mean of these
observations, respectively.

. A test for lack of fit is carried out with thE-ratio

of mean squares for lack of fit (the sum of squares
of lack of fit divided by its number of the degrees

of freedom) and mean squares for pure error (the
sum of squares of pure error divided by its

number of the degrees of freedom). If the test is
significant, the model is inadequate. Go to the
second step. If not, the linear model is adequate
and the second step is not required.

descriptors, but some residuals are still too large. In 2.3.2. Second step
other words, the relationship appears highly linearly 1. For Eq. (9), use forward stepwise procedure to

correlated, but the linear model shows some lack of
fit. The reason why some residuals are too large may
be that some intrinsic relation hidden in the high
dimensional data may not be characterized by linear
function. In order to deal with such a problem, a
two-step modeling procedure based on linear regres-
sion and MARS was developed.
The procedure is as follows.

2.3.1. First step

1. The multiple linear model is constructed as o

described in Section 2.1
L

L) =a,+2a,x, (9)
i=1

wherex, is then;th descriptor[ is the number of
descriptors included into the model.

2. The residual sum of squares of model (9) is
decomposed into pure error sum of squares and
lack of fit sum of squares:

Pure error
sum of squ &

Lack of fit
sum of squares

Residual _
sum of squares

determine whether some descriptor,$f (i=1,
2,...,L) should be replaced by a pair of one-
sided linear spIinesi{(xni —xjni)]+ (i=1,2,...,
n). Thus the following equation is obtained

K
109 =0+ 26,0, (11)
where the basis functiog(x) is either one of the
descriptorsxni or a pair of the spline basic
functions [£(X, — X, )]
On the basis of Eq. (11), a combined model of
form

f) = .00 + f,(%)

= o+ 2 60 + 2 3,8, (12)
where
f(x) = mEzlamBm(x) (13)

can be fit to the data by applying the “two at a
time” forward stepwise procedure. The coeffi-
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cientsc, in Eq. (12) are jointly adapted alone retention indices at a fixed temperature of 333 K.
with the parameters of the resulting model in The model used is as fo[lbs}s
forward stepwise procedure. b
3. The equation can be rewritten as l=a+7 (15)
- MK where | is the retention index of the compound
fer() = Do + 21 byH;(x) (14) measured at temperatuiie (K), a and b are con-
stants.Fig. 2ashows one result obtained. For most
whereH;(x) is the basis functiom;(x) or B,(x). A compounds, the linear regression lines fit the re-
“one at a time” backward stepwise deletion is tention indices very well.
applied to Eqg. (13). Both basis functioggx) and However, mistakes both in data transformation
B,(X) can be deleted within this stage. and in the reference sources may appear in some
For more details on forward and backward step- retention indices. In order to estimate the variance of
wise procedures see Ré10]. the error and test lack of fit for consequent modeling,

The first step tries to use a linear function to the retention indices of 14 alkanes are selected as a
describe the relationship between the response andrepeat set. For each compound in this set, the
descriptors. Of course other regression subset selecretention indices at different temperatures are par-
tion strategies can be used to build the model. If the titioned into 2-4 groups. Each group yields a
linear model shows lack of fit, the second step is regression line. The retention indices predicted at
started. In that second step a descriptor in the linear 333 K by these lines are considered replicate ob-
model is replaced by a pair of spline basic functions, servations of this compoundFig. 2b shows an
if the resulting model is improved. Then the usual €xample. In this way retention indices of in total 173
MARS procedure is completed based on the resulting alkanes were collected, out of which 149 are differ-
model. The descriptors that remained in Eq. (8) after ent alkanes and 24 are repeat measurements of these
the deletion procedure are important factors and are alkanes. The 173 retention indices are listed in
needed to make the model accurate. Appendix A.

It should be pointed out that the final TMARS Two kinds of descriptors are calculated for the
model has the form of what is called “semi-paramet- molecules, namely topological and quantum chemi-
ric model” in Ref. [10], but that the TMARS cal descriptors. The first are the Kier and HAIB]
procedure is different from the semi-parametric molecular connectivity indicedy, *x, 3Xp, *Xe kappa
modeling presented there. indices[17] OK, 1K, 2K, 3K; path count indice§l8] p,,

p,, Ps, P, Walk count indiceq18] w,, w, W, W,
path/walk count indice$l8] pw,, pw,, pw, pw,
the indices proposed and used by Schultz et al.
3. Data [19,20]: molecular topological index (MTI); the
principal eigenvalue of the distance matrix (PED);

This data set contains retention indices of 149 the principal eigenvalue of the adjacency-plus-dis-
alkanes including straight chain and branched al- tance matrix (PEAD); the logarithm of determinant
kanes, which were measured on squalane as station-of the adjacency-plus-distance matrix (DET), the
ary phase and at a column temperature of 333 K. indices proposed by Xu et alyx and EAID [21,22].
They were collected and collated from 1587 re- The quantum chemical descriptors are: heat of
tention index records in a GC retention index formation (HEAT), electronic energy (ELE), core—
databasg15]. The 1587 retention indices of alkanes core repulsion energy (CORE), dipole moment
were measured on the same column of squalane, but(DIP), ionization potential (ION), LUMO energy
at different temperatures and in different laborator- (LUMO). The six quantum chemical descriptors
ies. Thus the calibration of temperature for some were calculated using the MOPAC method in the
compounds is necessary. We used regression betweeiChem3D software. The software performed geome-
the retention index and temperature to compute try optimization, followed by quantum chemical
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Fig. 2. (a) The regression line of the retention indices at different temperatures for 2,2,3-trimethyl-pentane. The vertical coordinate of the
point “*" is the retention index used in the data set. (b) The regression lines of the retention indices at different temperatures for
neopentane. The vertical coordinates of the points “*” and™are repeat observations (retention indices) of neopentane used in the data.

calculations according to the semiempirical AM1 (7)) as the criterion, the following linear model is
method. The solvent probe radius used is 1.4 A, obtained:

which is the default value for water. The routines for

calculating the other 26 topological indices were |=74.87+171.1%; —4.1%;+6.0%X; — 1.8,
programmed using MATLAB language of version +20.64,, + 9.07%,,+ 2.07 ,,— 53.2K ,,

5.3.
All the descriptors are labeled —x,, according to ~0.1%5, +16.0%p;— 187.4% 5, + 164.4% 55
the order in which they are described in the above —0.64x,, — 0.05¢,4— 25.7X 5o+ 153.8% 5,
aragraph.
paragrap +425%,,
R®=0.9994; F =14051; s=5.09 (16)
4. Results and discusson whereR® is the multiple correlation coefficiens, is
the standard error anB is the F-ratio for overall
4.1. Multiple linear regression—step 1 regression. In total, 17 descriptorg(X,), 3,\/p(x3),

2K(X7)1 3K(X8)! PaX1)s PAX 1D WX 13, PW (X 5),
Using forward stepwise procedures with GCV (Eq. MTI(X,,), PEAD,,), DET(X ), YX(X 59,
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HEAT(X,;), COREK,s), DIPX;), [ION(X;), obtain clearer evidence, the lack of fit test is per-

LUMO(X,,), are included in the linear model. formediable 2 lists the analysis of variance
The values oR* andF indicate that the relation- (ANOVA) results. THeratio is 3.34, clearly larger
ship between retention index and molecular descrip- than 1.95%(th@.01 level of confidence that there
tors is highly linearly correlatedrig. 3 shows the is no lack of fit). The significant lack of fit indicates

results of predictions (cross validation) of retention. that the resulting model is inadequate.

The root mean square error of cross validation
(RMSECYV) for the models is 5.54. This implies that
the prediction ability for the models built is not bad. 4.2. Updating the model —step 2
However, further investigation of these results indi-

cates that the model is not good enough ¥ed. 4a In the second step, modeling the linear model is
shows the residuals for the model. It is seen that first updated by using forward stepwise procedure.
there are many samples with residuals that are larger Each desoqpt@rt 1, 2,...,L)in Eq. (16) is
than 8 index units, much larger than the normal replaced by a pair of one-sided spline functions of
measurement error§able 1describes the prediction itself, if this improves the model. Then, the back-
behavior of a group of compounds. The absolute ward stepwise procedure is performed resulting in
prediction errors are larger than 8 index units. To the equation:
1600 fr T T T T T T
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o 1000 .
°
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Fig. 3. The prediction behavior for the linear model.
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model. (c) The TMARS model. (d) The MARS model.

Compound Prediction error

Linear Intermediate MARS TMARS

model model model model
22344m5C5 —14.760 —6.262 -1.329 6.803
2235m4C6 9.937 5971 10.111 6.228
224m3-3eC5 12.100 9.450 7.965 5.456
22m2-3eC6 8.793 5.285 6.594 4.437
22m2-3eC5 13.528 8.887 5.495 4.906
233m3C5 9.198 9.602 7.898 7.246
2m-3eC7 —8.097 —9.645 —6.383 -6.522
3344m4C6 —20.747 6.294 —9.597 —4.851
33m2-4eC6 12,571 9.230 3.575 6.527
3m-3eC7 —9.830 —10.580 -8.817 -6.378
4eC7 —9.634 —5.413 0.120 —1.412
4eC8 —9.608 -5.914 -3.157 —4.415
4ipC7 —13.237 —7.844 —-4.873 -3.532
C4 11.152 5.336 0.431 3.209
C5 9.392 4.637 1.355 1.591
Absolute mean 11.506 7.357 5.180 4,901

#22344m5C5 is 2,2,3,4,4-pentamethylpentane and 224m3-3eC5 is 2,2,4-trimethyl-3 ethylpentane.
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Table 2

ANOVA table for the linear and the intermediate model

Source df SS Mean F ratio

Linear modelR*=0.9994 RMSECW5.54

Regression 17 6.54710° 3.851x 10° 14 973

Residual 156 4012.6 25.72

Lack of fit 132 3805.5 28.83 3.34

Pure error 24 207.05 8.63 Significant at
a=0.01

Total 173 6.55K% 10°

Intermediate modeR*=0.9995 RMSECW4.86

Regression 25 6.54810° 261928 12 405

Residual 148 3124.8 21.114

Lack of fit 124 2917.8 23.530 2.73

Pure error 24 207.05 8.63 Significant at
a=0.01

Total 173 6.55% 10°

SS, sum of squares; df, the number of degrees of freedom.

| =559.91+ 169.9%, — 2.01x, + 17.2%,,
+16.65,, — 38.3%,,— 0.1, + 16.76 ,,
+143.6%,, — 160.34,, — 0.048
— 33.90¢,, + 165.9%, + (x,— 3.41),

+ (Xy — 3.37), + (107—X,4), + (X, — 107),

R®=0.9995; F =12405; s=4.60 (17)

This model is called the intermediate model. It is a

the group of compounds for which the prediction
errors are larger than 8 index units in the linear
model. Fig. 4b shows the improvement of the
residuals visually.

However, the lack of fit test again reveals the
inadequacy of the updated mod@&lable 3lists the
ANOVA results. TheF ratio for testing lack of fit is
2.73, and is significant a =0.01.

The two-step MARS goes on by expanding, on the
basis of the intermediate model, with basis functions

non-linear model. For the sake of comparison, the two at a time that fit the data best. In this study, the
complexity penalty is used as a criterion to account number of basis functions is predefined to be 50. The
for the degrees of freedom for the MARS regression complexity of the model is of course too large and
model [10]. That is, it is used as the number of would lead to overfitting. Then, a backward stepwise
degrees of freedom based on which the standard procedure starts to delete the excessive basis func-

errors, theF-ratio for overall regressior and the
lack of fit test are calculated.

Comparing the intermediate model with the linear
one, it is observed that the descriptdjg(xs), *x(x,)
and w,(x,,) in the model are replaced by spline
functions for the same descriptors. The descriptors
HEAT(x,,) and LUMO,,), which were present in
(16) are no longer in (17). The number of terms in
(17) is one less than in (16). Although the value of
R’ is a little higher and thé= value is smaller, the
improvement of fit is clear since is much smaller.
RMSECYV is 4.86. This indicates that the prediction
ability of the updated model is better owing to better
fit. Table 1lists the improvements in prediction for

tions one at a time.

First the GCV criterion was used. However, the
results obtained were not as good as expected. The
pruned model contains 33 basis functions, which still
seems excessive. Furthermore, RMSECV for the
model is 9.41, buts is very low (2.91). This
indicates that some basis functions in the pruned
model have a negative influence on the prediction
ability. They are included into the model only
because they improve the fit of the model. This
typically leads to overfitting, that is, the model fits
well, but predicts poorly. The GCV criterion opti-
mizes fitting rather than prediction, and therefore the
backward deletion procedure does not remove
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Table 3

ANOVA table for the TMARS and the MARS model

Source df SS Mean F ratio

TMARS modelR*=0.9997 RMSECW-4.19

Regression 45 6.55010° 1.456<10° 10 849

Residual 128 1717.3 13.42

Lack of fit 104 1510.2 14.52 1.76

Pure error 24 207.05 8.63 Not significant
at «=0.01

Total 173 6.55%K10°

MARS modelR*=0.9997 RMSECW-4.36

Regression 67 6.54910° 97 750 5036.1

Residual 106 2057.5 19.41

Lack of fit 82 1850.5 22.57 2.73

Pure error 24 207.05 8.63 Significant at
a=0.01

Total 173 6.55x% 10°

enough basis functions. For the sake of the flexibility
of the MARS modeling, the criterion GCV in (7) can
be replaced by one that minimizes another loss
function. Cross validation, for instance, would pro-
vide better prediction performance for the model.
However, it is difficult to use during the forward
selection because too many descriptors must be
considered, but it can be used in the backward
selection where less descriptors are involved. Thus in
backward stepwise stage, 10-fold cross validation
[23] is used after GCV. The model obtained is as
follows:

| =372.05- 1.7, + 29.55,, — 37.21,,
—0.24x,, + 48.48K, — 4.90), (107 x,,) .
+20.2X,, — 0.31(4.90- x,) , (107— X,,) ,
+118.84&, + 0.09(0.82- X,) , (10.74— X,,) .,
—0.0X,, — 114.67(37- X,o) , (X0 — 1.42),
— 27.7%,, + 2466, — 107), (3.48- ) .
+48.33(0.82-%,), — 29.65¢, — 0.82),
—6.69(107— X,;) , + 6.89&,, — 107),

— 21.86K,, — 37), + 22.55(37— X,.) .
+87.012¢, — 3.37),

R*=0.9997; F =10849; s=3.66 (18)

The ANOVA results listed inTable 4 show that
the lack of fit F-ratio=1.76 is not significant.

RMSECYV is 4.19, which indicates that the prediction
ability has been improved. 4c shows the re-
siduals of the model are closer to zero. Furthermore,
we can see ffale 1the manifest improvement
by the TMARS model in prediction for the group of
compounds that are not well predicted by the linear
model.

Exploring the model of Eq. (18) provides some
insight into the nature of these improved results. It
includes basis functions involving four new descrip-
t8pe(X,), *x.(X,), W4(X,5) and DIPK g, and it no

longer uses the descriptof(x,), *k(X;), P4(X;2).
DET(x,,) and IONk,,). The model also contains
five interacting spline functions. These non-linear

Table 4
The prediction behavior of a group of compounds by MARS and
TMARS

Compound Prediction error

MARS TMARS

model model
2235m4C6 10.111 6.228
24m2-3ipC5 —14.218 —4.333
24m2-4eC6 —10.477 —5.309
25m2-3eC6 9.611 6.735
3344m4C6 —9.597 —4.851
34e2C6 —13.129 —3.893
3m-3eC7 -8.817 —6.378
C16 —9.344 1.226
Absolute 10.663 4.869
mean
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terms of higher order can tackle the variation in the
data set that could not be handled by model (17).

4.3. Comparison of MARS and TMARS

In order to obtain a fair comparison, the MARS

method is accomplished on the data under the same

conditions. The ANOVA results are shown irable

2. The lack of fit test for the MARS model is
significant. The standard errarand RMSECYV are
4.41 and 4.36, respectivelyFig. 4d shows the
residuals for the model. The performance of this
model is distinctly better than the linear model and
the intermediate modeTlable 1also shows the clear
improvement by the MARS model for the group of

compounds that are not well predicted by the linear

model. However, the MARS model is worse than the
TMARS model. Table 4 gives more evidence. The
prediction behavior of this group of compounds is
not acceptable using the MARS model, but it is
acceptable when using the TMARS model. The
MARS model is shown in Eq. (19). It is more
complex than the TMARS model. It uses more
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—0.02(108 X,4) , (X,, + 67.18),
+2.02§,, — 16.35), (3.86-X,),
—4.75(1.21- %) , (15.41— X,,) .
+1.75(4.48- x5) . (1.61— X,) ,
— 25.76k, — 1.27), (0.86- X,,) .
—35.58k, — 1.27), &,, — 0.86),
— 44.35(2.85- ;) (3.71— X,) .
— 1.67&,, — 16.35), &, — 3.86),
—0.32(2.85- x;) , (4.76— X,) , (X,, + 50.73),
+6.53(1.27- X,) , (X,, — 15.41), &, —0.70),
R®=0.9997; F=5036.1; s=4.41 (19)

5. Conclusion

The proposed modeling method, TMARS, com-
bines linear regression and MARS. It consists of a
linear and a nonlinear part. The results show that the

descriptors, more basis functions and higher orders TMARS model performs better than either the linear
of interaction of spline functions, but it does not give or the MARS model.

better results than the TMARS model. Since the |n situations where the linear model produces fits
TMARS model is less complex than the MARS with good quality, but still is inadequate, the MARS
model, the former should be preferred model may fail because it is a completely nonlinear
modeling method. TMARS is intermediate between
the two methods, and can be expected to achieve
better results.

| =912.27+ 1.48k,, — 108), — 17.78(14- X,,)
—1.36(108- ;) , — 0.03(-5901.9— X,;) ,
+31.06&,,—14), +8.38K,~1.21), K,,~ 7).
+18.37&,, — 16.35), +25.17(1.21-X,) .

— 15.87(16.35- X,5) , + 0.03, + 5901.9),
—194.28(6.99- X,) . (X, — 4.90),
—1.98(1.21- X, , (X,, + 15.41),
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Appendix A
Retention table
No. Compound Retention No. Compound Retention No. Compound Retention No. Compound Retention
1 22334m5C5  953.4 45 233m3C5 761.51 89 2m-3eC7 941.00 133 3mC7 772.67
2 2233m4C4 728.69 46 2344m4C6 935.00 90 2m-3eCé6 844.75 134 3mC6 676.6
3 2233m4C6 928.80 47 234m3-3eC5 969.40 91 2m-3eC5 762.57 135 3mC9 969.62
4 2233m4C5 855.13 48 234m3C6 850.88 92 2m-3ipCé6 915.50 136 3mC12 1270.1
5 22344m5C5  921.70 49 234m3C5 744.31 93 2m-4eC7 907.40 137 3mC5 584.7
6 2234m4C5 821.90 50 234m3C5 754.45 94 2m-4eC6 824.88 138 3mC8 870.35
7 2234m4C5 825.26 51 234m3C5 753.91 95 2m-5eC7 924.00 139 3eC7 867.45
8 2235m4C6 873.30 52 235m3C6 813.05 96 2mC3 365.61 140 3eC6 773.1
9 223m3-3eC5 965.70 53 236m3C7 919.00 97 2mC4 475.00 141 3eC5 686.8
10 223m3C4 641.46 54 23m2-3eC6 949.40 98 2mC4 473.85 142 3eC8 964
11 223m3C7 914.40 55 23m2-3eC5 875.00 99 2mC4 475.41 143 44m2C7 828.71
12 223m3C6 823.30 56 23m2-4eC6 930.60 100 2mC7 764.95 144 44m2C8 918
13 223m3C6 823.16 57 23m2C4 568.80 101 2mCi0 1062.3 145 4pC7 906
14 223m3C6 819.74 58 23m2C4 564.92 102 2mC6 667.00 146 4m-3eC7 940.5
15 223m3C5 738.98 59 23m2C4 568.14 103 2mC6 668.12 147 4m-4eC7 937.6
16 2244m4C6 888.60 60 23m2C7 855.34 104 2mCe6 666.74 148 4mC7 767.48
17 2244m4C5 774.77 61 23m2C6 760.79 105 2mC9 963.9 149 4mC9 960
18 2245m4C6 872.10 62 23m2C5 672.55 106 2mCi12 1264.1 150 4mC12 1258.3
19 224m3-3eC5 903.90 63 23m2C5 671.74 107 2mC5 570.00 151 4mC8 863.30
20 224m3C7 875.70 64 23m2C5 671.00 108 2mC5 571.79 152 4mCs8 861.52
21 224m3C6 790.60 65 23m2C8 952.10 109 2mC5 569.93 153 4eC7 857.82
22 224m3C5 691.55 66 244m3C7 889.40 110 2mCs8 864.86 154 4eC8 951.5
23 2255m4C6 820.20 67 244m3C6 809.56 111 3344m4C6 983.7 155 4ipC7 925
24 225m3C7 878.10 68 246m3C7 870.10 112 334m3C7 936.6 156 5mC9 957.4
25 225m3C6 777.07 69 24m2-3eC5 838.17 113 334m3C6 855.25 157 5mCi2 1252.4
26 226m3C7 873.00 70 24m2-3ipC5 915.10 114 335m3C7 907.7 158 6mC12 1249.9
27 22m2-3eC6 902.10 71 24m2-4eC6 920.70 115 33m2-4eC6 937.8 159 C3 300
28 22m2-3eC5 824.28 72 24m2C7 821.31 116 33m2C7 837.09 160 C4 400
29 22m2-4eC6 881.30 73 24m2C7 829.98 117 33m2C6 744.81 161 C7 700
30 22m2C3 412.73 74 24m2C7 829.80 118 33m2C5 660.39 162 Ci10 1000
31 22m2C3 410.35 75 24m2C6 732.69 119 33m2C8 932 163 C6 600
32 22m2C4 537.77 76 24m2C5 630.00 120 33e2C6 954.1 164 C9 900
33 22m2C7 816.50 77 24m2C5 625.65 121 33e2C5 880.34 165 Ci12 1200
34 22m2C7 814.61 78 24m2C5 630.32 122 344m3C7 932.2 166 C16 1600
35 22m2C6 720.17 79 24m2C8 915.80 123  34m2-3eC6 964.6 167 C13 1300
36 22m2C5 626.55 80 255m3C7 891.70 124 34m2C7 859.56 168 Ci4 1400
37 22m2C8 914.90 81 25m2-3eC6 891.40 125 34m2C6 771.84 169 Ci15 1500
38 2334m4C6 949.10 82 25m2C7 833.21 126 34e2C6 945.8 170 Ci11 1100
39 2334m4C5 861.15 83 25m2C6 728.82 127 35m2C7 834.26 171 C5 500
40 2335m4C6 903.30 84 25m2C8 921.80 128 3m-3eC7 953 172 C8 800
41 233m3C7 931.70 85 26m2C7 827.46 129 3m-3eC6 855.42 173 C2 200
42 233m3C6 841.89 86 26m2C8 931.50 130 3m-3eC5 776.13
43 233m3C5 761.86 87 27m2C8 928.50 131 3m-4eC6 856.16
44 233m3C5 752.32 88 2m-33e2C5 984.00 132 3m-5eC7 924
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