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HOLDITCH-DAVIS, D., L. J. EDWARDS AND R. W. HELMSModeling development of sleep—wake behaviors: |. Using the mixed
general linear modelPHYSIOL BEHAYV 63(3) 311-318, 1998.—The purpose of this paper is to demonstrate the use of the mixed
general linear model (MixMod) for modeling development of sleep—wake behaviors in preterm infants. The mixed general linear model
allows the concurrent identification of both group and individual developmental patterns in longitudinal data sets with inconsistently
timed data, irregularly timed data, and randomly missing values. This statistical technique is well suited to data from preterm infants
because these infants enter and leave longitudinal studies at varying times depending on their health status. One sleep organizational
variable—the regularity of respiration in quiet sleep—obtained from a study of 37 preterm infants was used as an example. Seven
infant characteristics were used as covariates. The various steps involved in conducting a mixed model analysis of this variable are
illustrated. The strengths and limitations of this technique are discussed. © 1998 Elsevier Science Inc.

Mixed general linear model Longitudinal studies Development Preterm infants Sleep—wake states

THE development of sleeping and waking during early infancy,tional approach, by averaging over individuals, may markedly
and particularly in preterm infants, has long been of interest tadistort developmental processes (39). Studying only two time
researchers and clinicians. As a result, a number of studies haymints allows the determination of whether there are differences
been conducted that examined the sleeping and waking of prem#éetween the two ages but not the overall developmental rate or
ture infants before term (6-8,12,13,20,26—-30,36). However, noneattern. By ignoring subjects and descriptively comparing means
of these studies was able to use a true longitudinal design. Preterat each age, individual differences are overlooked. In this analysis,
infants are born at different gestational ages, become healthgach observation on a subject is treated as if it is independent of all
enough to study at different chronological ages, and become welbther observations on the subject, resulting in inflated Type | error
enough to go home at different times. Thus, preterm infants enterates.
and leave studies at different times and spend varying amounts of The first statistically appropriate method for estimating indi-
time in the study. Preterms are extremely heterogeneous withidual developmental trajectories in preterm infants with differing
respect to demographic and medical factors that might affect stateumbers of observations was a two-stage linear regression proce-
development. To date, researchers have not been able to appropdidre, developed by Kraemer, Korner, and Hurwitz (22), which is
ately model the developmental trajectories of these infants. closely related to logistical regression. Transformed data are re-
Most researchers have used one of three simple approachegressed on postconceptional or chronological age for each infant,
studying different infants at each age (6,31), studying the sameroducing an intercept and slope for each infant. The impacts of
infants at only two ages (11), or studying infants repeatedly bugestational age, birthweight, and chronological age on state devel-
just descriptively comparing means at each age (4,12,25). Alopment were determined by correlating these variables with the
though these approaches were the best available at the time tliv@ercepts and slopes. This approach has been used in a number of
studies were conducted, none of them provides an adequate essitudies (1,19-21), but it has limitations. Separate regressions are
mation of individual developmental trajectories. The cross-sec<alculated for each subject so no estimation of the population
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development pattern is obtained. In addition, it is not possible tocorded on a Gulton chart recorder with a piezoelectric sensor pad
incorporate the effects of other variables, such as illness severityyhenever the infant was asleep, so that the regularity of respiration
race, or sex, into the initial regression. could be identified.

In a previous paper (13), we examined the development of
sleeping and waking during the preterm period using a combinaVariables Used for Data Analysis
tion of the previously described techniques. Multiple regression of
the amount of each state over age and illness severity, ignoringla
individuals, was conducted for the group usmgr0.01 to correct
for the inflated Type | error rate. Slopes from individual develop

Quiet sleep respiration regularity scor&he respiration tape
s scored visually for three levels of respiration regularity during
_quiet sleep—very regular, regular, and irregular (16,33). Reliabil-

mental trajectories were compared using signed ranked tests. HO\A}Y was determined by rescoring five respiration tapes more than 6

; ths after they were originally scored. The percentage of exact
ever, these analyses, though the best we could conduct at the timaon o o .
were complex and did not allow us to compare individual trajec-29r€€ments ragged from 80.4% to 93.6% for these variables,
tories with the pattern of the group. averaging 88.5% overall. A measure of the overall regularity of

The purpose of this paper is to demonstrate the usefulness%fjsmration’ and thus the organization of quiet sleep, was calculated

the mixed general linear model, a more appropriate statistic y summing two times the percent of very regular respiration plus

procedure, for modeling development of sleep-wake behaviord€ PErcent of regular respiration minus the percent of irregular
' respiration. This quiet sleep respiration regularity score had a

during the preterm period by reanalyzing the quiet sleep respira -
tion regularity score variable, a measure of the organization oPOSS'ble range of—_10_0 to +200. -
quiet sleep. Although the mixed general linear model has been Infant characteristicsEight infant characteristics were used to

known to biostatisticians for over 10 years and has been used in Odd8| tthe dgvtﬁlopment of slee%mg and W?k'ng st?tes.l Each ?_f]
few studies of clinical populations (14,16,18,32,37), it has not beer?tehn ren r'v%rlla € vrvas reé:]resse or\_/e%[r postconceptional age. The
previously used in studies of preterm infant behavior. The mixed’NEr variablés were used as covariates.

general linear model allows the concurrent identification of bothan dFggy\éagfaﬂ:zagiﬂ?ggnﬁla%%iitrgﬁginbéghs\’;’:g?gt\}vﬁﬁﬁ’esggﬁ
group and individual developmental patterns in longitudinal data bject. The gestational age at birth of each infant was calculated

sets with covariates that vary over time, inconsistently timed dat u . : . ;
(assessment schedules vary from subject to subject), irregularl rom the obstetric estimated date of confinement which had been

timed data (varying time intervals between assessments), angeiermined either by the date of the mother's last menstrual period
randomly missing values. Since the mixed model has not beefl’ by an u_Itrgsound examination, assuming th"’.‘t thl_s_gestatlo_nal age
previously used in studies of preterm behavior, full-scale asses greed within 2 weeks with the results of a simplified version of

ment of the development of sleep and waking that includes timel'e Pubowitz examination (5,9) conducted by a pediatrician on
dependent covariates has not been accomplished. Despite the gmission. If the obstetrical dates were unreliable, the gestational
vantages of the mixed model, this model has not been widely used9® from the Dubowitz was used. Race, sex, birthweight, and
for longitudinal analyses of the physiological or behavioral devel-nhumbe:jpf (ljays og mechanical ventilation were determined from
opment of any clinical population probably because most researcﬁ- eTrEe 'Cﬁ re%or ' bl ional ) K

ers are unfamiliar with it and because most investigators usin%h e other three variables—postconceptional age (in weeks),

it have utilized the mixed model only for group analyses and ronological age (in days), and theophyliine treatment—were
have ignored its ability to identify individual developmental pat- assessed at each observation. Whether or not the infant was re-

ceiving theophylline was determined for each observation because

terns (40). theophylline has been found to alter the sleeping and waking states
of premature infants (34).

METHODS Infant characteristics variables were generally measured using

Subjects the actual data. Race was scored as either white or minority. (There

was one Native American infant in the minority group, and the rest

Subjects used in this example were 31 preterm infants whayere black.) Since the distribution of the number of days of
either weighed less than 1500 g at birth or required mechanicahechanical ventilation was highly skewed (mean 10.3, median 5),
ventilation; 27 had both of these problems. They were part of gnfants receiving 1 day or less of mechanical ventilation were

sample of 37 infants that has been previously described in detadcored as receiving 1 day and then the natural logarithm of each
(13). Due to technical problems with the recordings used to obtaisubject’s score was used in analyses.

the variable for this report, data were not obtained on six infants.

Statistical Analysis

Procedures The analysis in this paper was performed using a technique for

Infant behaviors, including sleep—wake states and respiratorjongitudinal data analysis, called mixed general linear models
patterns, were observed once a week from approximately 1900 tMixMod) or random regression models (2,3,10,17,23,35,37). In
2300 hours. These observations began as soon as the infantlse MixMod, the regression of each subject is represented by its
medical condition was no longer critical and consent was obtainedleviation from the group regression. The MixMod has three com-
from the parents. Infants left the study on transfer to a communityponents: the fixed effects component, the random effects compo-
hospital, discharge home, or reaching term age. Thus, the ages ¢nt, and the random error component. The fixed effects and
which subjects entered the study and the length of time they wereandom error components are analogous to the corresponding
studied varied. A total of 116 observations were conducted on theomponents of a standard multiple regression. The fixed effects
31 subjects between 29 and 39 weeks postconceptional age (P€@mponent represents a population regression line. The random
Age). The number of observations for each subject ranged from &ffects component for each subject is the difference between that
to 9 with a mean of 3.6. subject’s regression and the population regression and is a measure

During the observations, the occurrences of infant behavior®f how that subject differs from the population regression. Thus,
were recorded every 10 s (13). The infant’s respiration was reeach subject has its own random regression line which is defined
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FIG. 1. Raw quiet sleep respiration regularity scores for individuals (thin lines) and the group
mean (thick line) at each postconceptional age.

by the sum of the fixed effects component and the subject’'decome apparent. In the rest of the results section, we will sum-
random effects components. Because each subject has its ownarize the steps involved in calculating the MixMod.
regression line, the MixMod can accommodate mistimed data and
data missing “completely at random” without requiring that miss- Preliminary Examination of Variables
ngﬂ?tﬁgemﬁig??ﬁigéﬁee the Appendix for statistical information No_rmality c_)f the varie_lbl_efl'h_e first step in analyz_ing data with
: the MixMod, like all statistics, is conducting a preliminary exam-
RESULTS inqtion of the data.. The Shapiro—WiIk. test of normality for the
quiet sleep regularity score was nonsignificaWwt € 0.98,p =
The analysis of quiet sleep respiration regularity score will be0.43), indicating that this variable was normally distributed. Skew-
described as an example of the use of the mixed general linearess was-0.263, and kurtosis-0.105.
model. Quiet sleep organization is known to increase over the Although in this case the dependent variable was normally
preterm period so this variable should serve as an effective exandistributed, it is unclear how necessary this is. Very little is
ple (6,7,12,13,20,26,29), and the development of this variableknown about the extent to which MixMod estimation and hy-
unlike most of the other sleep—wake behaviors, is affected bypothesis testing procedures are robust to nonnormality (24).
covariates (15). The mean value of the quiet sleep respiratiostandard multiple regression analyses are generally quite robust
regularity score over the 116 observations was 59.7 (SD 38.70 certain types of nonnormality but are sensitive to distribu-
range—44.9 to+145.5, mediant59.1). Figure 1 presents the raw tions with long tails or great skewness. Informal studies suggest
data for this variable. Although examination of the weekly meansthat MixMod estimates of parameters and the distribution of the
suggests that this variable undergoes systematic development ovierst statistic inherit a relative insensitivity to nonnormality from
the preterm period, the investigator is almost overwhelmed by théheir standard regression counterparts. Also, unlike standard
variability apparent in this figure. Subjects enter and leave themultiple regressions, the MixMod is relatively unaffected by
study at different points in time. As a result, some subjects have aketeroscedasticity (inhomogeneous variances) since the Mix-
many as nine observations and others as few as one. There is alstod explicitly includes both within- and between-subject het-
a large amount of intrasubject variation. However, this sort of dateeroscedasticity.
is typical for preterm infants. Covariates.Prior to the analysis, postconceptional age was
It is difficult to identify a statistically appropriate analysis ‘“centered” at its mean value (34 weeks), averaged over sub-
technique for this sort of data. One could use the approach ofects and over time points within subjects. Thus, postconcep-
Kraemer, Korner, and Hurwitz (22), but that would involve cal- tional age ranged from-5 (29 weeks) to+5 (39 weeks). The
culating separate regressions for each subject, and no estimate @fht infant characteristics were intercorrelated. In general,
the population pattern would be obtained. In addition, in studieghese relationships were small to moderate with the following
with significantly more subjects than the 31 in this analysis,exceptions. Postconceptional age was highly correlated with
calculating separate regressions for each subject might be imprachronological age at observation € 0.77) and days of me-
tical. chanical ventilationr{ = 0.65). Chronological age at observa-
The mixed general linear model presents an analytical solutiotion was highly correlated with days of mechanical ventilation
to the problems inherent in this type of data. A single equation igr = 0.83), birthweight{ = —0.64), and gestational age at birth
used to calculate developmental patterns for both the group ant = 0.69). Mechanical ventilation was also highly correlated
individuals. Figure 2 illustrates the results of calculating a Mix- with gestational age at birtli & 0.72). These findings would be
Mod for the quiet sleep regularity score and shows how thisexpected in preterm infants since smaller birthweight and lower
statistic enables the systematic aspects of the data in Fig. 1 tgestational age at birth increase the risk of illness and prolonged
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FIG. 2. Predicted regression of quiet sleep respiration regularity scores over postconceptional
age for individuals (thin lines) and the group (thick line).

hospitalization. A decision was made on theoretical groundsScreening Analyses

thqt postconceptional age.would be the basic time frame over To achieve a parsimonious model, the main effects were fit first
which each dependent variable was regressed because postccﬁq-a preliminary MixMod regression that requirecha< 0.15 for
peptional age di_re(_:tly reflects bi_ologi_cal maturation. Th? Otheran infant characteristic to be retained. The intercept aﬁd postcon-
'”fa“F charac'gerl.s.tlcs were retained in t.he model .o.nly if theyceptional age effects would be retained regardless of their proba-
contributed significantly to the regression in addition to the iy jevel. As Table 1 indicates, all of the infant characteristics,
variance they share with postconceptional age. except birthweight and mechanical ventilation, were eliminated at

this stage.

In a second step, the screening regression was repeated with the
two remaining infant characteristics, intercept, postconceptional

TABLE 1 age, and the interactions between postconceptional age and the
PREDICTOR VARIABLES IN THE PRELIMINARY SCREENING remaining infant characteristics (see Table 1). This time one infant
REGRESSION ANALYSES FOR QUIET SLEEP RESPIRATION characteristic—birthweight—and one interaction—mechanical
REGULARITY SCORE ventilation X postconceptional age—met the 0.15 probability
level. A theoretical decision had been made to retain the main
Term Coefficient SE ,_erf,d effect if the interaction reachedmlevel of 0.15. Thus, intercept,

postconceptional age, and the main effect of mechanical ventila-
tion were also retained in the model. These variables were used in
the final MixMod analyses.

Initial Screening Procedure

Intercept 3.951 53.393 0.941

Postconceptional Age —2.474 8401  0.770  Final Analyses

Mechanical Ventilation —12.895 8.529 0.025 . . . .

Birthweight 0.050 0024 0043 _ InaMixMod analysis, the computer uses an iterative process to

Theophyliine 5.454 7000 0.493 fitthe best estimates for the fixed effects (the group regression of
Gestational Age 8.260 8529 0.337 intercept, postconce.ptlonall age, birthweight, mechanlcal ventila-

Chronological Age 1.756 1211 0.153 tion, race, and the interaction between postconceptional age and
Race _6228 12056 o0.608 Mechanical ventilation) and for the random components (the de-
Sex 13.319 10.782 0.202 Viations of each individual's intercept and postconceptional age

effect from the group regression). We decided on theoretical
grounds to limit the random components to intercept and postcon-

Second Screening Procedure ceptional age. However, additional random effects could be fitted

Intercept 61.996 13.255 0.000 if avariable that has a value at each age, such as theophylline, was
Postconceptional Age 2.368 3.848 0541 expected to have differing influences on different individuals.
Mechanical Ventilation —2.380 5224 0.650 Thus, our random effects component of the MixMod, or individual
Birthweight 0.038 0.019 0.050 subjects’ deviations, was limited to the deviation of an individual
P-C Age X Mechanical Ventilation 2.391 1555 0.130 Subject’s intercept from the group intercept and the deviation of an
P-C Age X Birthweight —0.000 0.008 0.977 individual subject’s slope from the slope of the population regres-

sion with regard to postconceptional age.
Note: Italicized variables were retained for the subsequent analysis. We again utilized a model reduction procedure in which all
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FIG. 3. Predicted regression of quiet sleep respiration regularity score for the group (thick line)
and for Subject 29 (thin line). Subject 29's actual data points are indicated by dots.

variables not achieving = 0.05 in an initial MixMod, except QS Resp. Reg. Score 62.571 — 8.803

intercept and postconceptional age, were removed, and MixMod

was repeated. Two variables were found to contribute significanty ~ + [(7.085 — 0.573 X (P-CAge] + [0.046 X 77(]
m_the group arjaly5|_s, or f|_xe(_:i effects components, of the flnalFigure 3 shows this subject’s predicted regression as compared to
M'XMOd analysis. (S.ln.ce th's. IS a seco,r’1dary analysis of aIread;ihe group regression and to the subject’s actual data. A subject’s
published data, statistical “significance” ardvalues should be 5,5 data do not lie precisely on a straight line. Each data value
interpreted as descriptive terms. However, in analysis situation§ . iates from the individual's “true” line by a small amount. This
appropriate for hypothesis testing, they would be interpreted in th%rror is assumed to be random variables from a normal distribution
same way ap values of more familiar statis_tics.) ~ with mean of 0.

The intercept at 34 weeks postconceptional age was the first Figure 2 shows the dispersion of all subjects’ predicted regres-
EredéCt%d com%oggnt. It had a valug of ?2'571 (SE f;wﬁ 58) ii sion lines around the group regression. The variances of the actual
c_a nltl 4iolt’hpe r<e 'res%s)ibrf)alsittﬁoa[](éggtflf?crilgntagfe7c(§)9nt(nsEUtle 5;3@”' " data around the individual_ interqepts and_slopes (postconce_ptional
58) :yZO 62 20 001), indicating that the or .anizationlof ”uiet age effect) for each variable in the MixMod analyses give a

| £0.62,p d : h g iod B'gh iaht al qh d measure of the amount of dispersion. The standard deviation of the
s_ee!cf)_ mcreaﬁ?e OYEr the ?fr_eyerm ?eno - Birthweight aso_ ad Byndom intercepts was 19.75 (as compared to a group coefficient of
significant effect with a coefficient o 0'0.46 (SE 0.0E1l, 58).7 62.571) (see Fig. 2). The standard deviation of the random slopes
741, p <Q'Ol)' Infants .W't.h larger bllrthwelghts had slightly was 4.47 as compared to the estimated population slope of 7.085.
greater quiet sleep respiration regularity scores. Thus, the estispo c,relation between the individual random intercepts and
mated regression for quiet sleep respiration regularity score Wasslopes was very low (0.063), indicating there was no systematic
relationship between random slopes and intercepts and that the
QS Resp. Reg. Score: 62.571 + [7.085 X (P-C Ag9] individual regression lines for quiet sleep respiration regularity
+ [0.046 X (Birthweight] score generally parallel the group regression line.

where postconceptional age ranges frend to +5. Figure 3
presents this group regression (or fixed effects component) of quiet
sleep respiration regularity score over postconceptional age with Our example demonstrated that the MixMod analyses can be
birthweight set at the mean value of 995 g. useful for determining the development of sleep-related behaviors,

The MixMod also identifies random components, or each subsuch as quiet sleep regularity score, over the preterm period. This
ject’s deviations from the group regression. An individual sub-statistical technique has the advantage that each subject is repre-
ject’s intercept is the sum of the population intercept and thesented in the model so that subjects with differing starting ages and
subject’s random intercept increment. In the MixMod, the regres-different lengths of time in the study can be included in the same
sion line for thekth subject is treated as random. The randomnessnalysis without estimating missing values or violating assump-
comes from the assumption that the intercept and slope increment®ns. Using the MixMod, we found that the organization of the
for the kth subjects are random variables from a joint normal quiet sleep increased over age and that demographic characteristics
distribution with zero means. and medical complications have relatively small impact on this

For example, Subject 29 had a random intercept coefficient oflevelopmental change. Thus, the MixMod analyses had similar
—8.795 and a random postconceptional age componen0d74.  findings to that of our earlier multiple regression analysis with the
Thus, the “predicted” regression for this subject who had asame data (13), but the MixMod is a statistically appropriate
birthweight of 770 g is method for analyzing this type of data.

DISCUSSION
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Unlike the standard multiple regression, the MixMod analysesnique is able to deal with the problems of subjects entering and
also permitted examination of developmental patterns of individ-leaving the study at different times, an inevitable characteristic of
ual infants. The individual developmental patterns generally para longitudinal study with preterm infants. Moreover, it permits the
alleled the group regression lines for organization of sleep statesoncurrent determination of individual developmental patterns and
There was no significant correlation between individual slopes andomparison of the individuals’ regressions with the group. It also
intercepts, but examination of the graphs (Fig. 2) does show a faican be used to examine a wide variety of demographic factors and
amount of interindividual variation in slopes. Thus, differencesmedical complications so that specific hypotheses about matura-
between individual and group developmental patterns in differentional and environmental effects on development of states can be
states can be explored with the MixMod but not with a standardtested. The MixMod technique deserves a wider utilization in
multiple regression. studies of preterm infants and should also be strongly considered

One of the strengths of the MixMod analysis was that we werefor use with any population, including clinical populations who are
able to include seven infant characteristics in the screening regresaedically ill, neurologically impaired, or elderly, in which an
sion, which is more than could be appropriately included in airregular pattern of data collection or loss of subjects due to death
standard multiple regression that would need to be limited to onlyor physical incapacity is to be expected by the nature of the
one observation for each of the 31 subjects in order not to violatgpopulation under study.
statistical assumptions. With the MixMod, investigators can sta-
tistically identify the effects of other variables on developmental APPENDIX
patterns and determine which of these variables most directly |t may be useful to discuss the formulation of the mixed general
influences state development. We found that most of the infanfinear model in more detail. In general, the mixed model equation
characteristics had either no effect on the development of quiefor a random regression model with continuous outcome measure,
sleep organ_ization or such small effects that they did not enter intge., continuous dependent variable, is typically expressed for an
the regression. individual as

Another advantage of the MixMod was that it avoided the
biases having repeated measures on the same subjects would Yie = XiB + Zyd + &
introduce into a standard multiple regression. An analysis usingvhereY is then, X 1 vector of observations from théh subject,
standard multiple regression requires fitting separate models t¥, is the n, X q matrix of “fixed effect” regressor values
each individual. Serial observations on a single subject are in mosincluding a column of 1s for the interceptor) for théh subject,
cases correlated. Standard multiple regression techniques assuigds the q X 1 vector of population regression coefficients, or
that observations are independent, i.e., that there is no correlatidffixed effect” coefficients,Z, is then, X p matrix of “random
from one observation to the next. Thus, when one uses multipleffect” regressor values (including a column of 1s for the intercept
regression, one has to ignore the correlations between observaerm) for thekth subject, andl, is thep X 1 vector of “random
tions. This not only violates model assumptions but also leads teffect” parameters for théth subject.e, is the . X 1 vector of
biased estimation. Also, to compare fixed group effects, such asrandom error” terms for thekth subject. Note thag has no
sex, race, or medical complications, some type of meta-analytisubscript; as in a multiple regression, gBesector serves for all
techniqgue must be used to summarize the results in each grouubjects.
since the models would have been fit on an individual basis. Such In the same fashion as the usual multiple regression model,
techniques often are not robust and add further noise to the resultthere are distributional assumptions for the random terms and
The mixed model simultaneously fitted group and individual sub-techniques for estimating model parameters. Details regarding
ject effects. It also easily adjusted for correlated observationglistributional assumptions and parameter estimation in the mixed
through the inclusion covariances in estimation results. model are given in the literature (2,3,10,17,23,35,37,38). An esti-

Standard repeated-measures analyses assume the data are ragtion equation fo is
ularly timed. In addition, missing values on a subject are usually - 1S o S 1
handled by completely removing the subject from the analyses or R R B = (X=X XY
estimating the missing value. If 5% or more of the subjects arewhere3, = V(Y) an estimate of the variance of the vector of all
removed or 5% or more of the data estimated, severe bias ibbservations from subjects produced by vertically concatenating
estimation and hypothesis testing is introduced. The mixed modqheyk_ This equation shows that one must knwio compute.

did not require regularly timed observations, and all nonmissingBecause of the complicated method involved in doing the estima-
values were used in the analysis. tion, iterative methods are required to compute simultaneous esti-

Although there were a number of advantages of the mixedmates of all parameters.
model, it also had limitations. Assessing model assumptions (dis- The vectorf is the primary (fixed effect) parameter. Much of
tributional assumptions, linearity, outliers) through “residual” the work of statistical analysis is performed via secondary (fixed
analysis can be very difficult and is the subject of ongoing theoffect) parameters of the for@ = C — 0, whereC and@, are
retical and practical research. Second, finding easy to use softwaggknown, fixeda x ganda X 1 vector, respectively. For an a priori

for the proper implementation of the mixed model can be difficult secondary paramet€, an approximaté statistic forHy: © = 0
for investigators. Although SAS Proc Mixed is available andysH_: © # 0is

relatively easy to use, the software presently has convergence . . N
problems even under simple modeling scenarios. Hence, special- F=0'[C(X'%X"X)C'] 'O/a
ized software must be used to address nonconvergence problems. The specific equation for the MixMod with multiple regressors,
Also, residual analysis techniques for the MixMod can only besuych as is the case in this study, is
implemented using specialized software. The analysis in this paper
overcame these limitations by using specialized software. Yii = [Bo + Ba(Xua = X10) + Ba(Xaxi ~ X20)
In conclusion, the findings of this study demonstrate the po- o o
tential usefulness of the Mi?(Mod techniqu){e for determinationpof ot Ba(Xaa ~ X0 ]+ [doc + dudZaa = 220)
developmental patterns in preterm infants. This statistical tech- + Ao (Zowi = Zo0) + .- + Aol Zoki = Zpo)] + €
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In this equationf,, is the intercept an@, to 3, the slopes for the  ceptional age effect)s, is the birthweight effect, and,; is the
various predictor variables and covariates (postconceptional ageeviation about the line:

birthweight, mechanical ventilation, race, and the interaction be-
tween postconceptional age and mechanical ventilation).

An individual subject’s intercept is the sum of the population
intercept and the subject’s random intercept increment. To achieviotice thatd,, is an intercept increment and,, is the slope
this, in the overall equation, we let the varialdde the same as increment. The regression for theh subject is calculated by
the first two columns irK (corresponding to intercept and slope), addingd,, to the intercept of the population regression lifg)(
so thatz,; = x; andz, = X,. These terms can be rearranged to and d,, to the slope of population regression ling,). In the
produce an equation for the regression line for kitesubject in ~ MixMod, the regression line for théth subject is treated as
which B, + dg is the interceptB, + d,, is the slope (postcon- random.

Yii = [Bo + B1(Xxi — Xo)] + [dox + dy(Zii — Z0)] + €
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