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BACKGROUND

Terms and Definitions

Unconditional HLM Growth Models

The reading score at time t for student i who
attended school j:

At Level 1 (measurement time): E

RAgy; = 7zo;; + 773 YTy + €4

L] ¥

Intercept Slope
(Starting Point) (Annual Growth)
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Mobility

* Evaluations often
look at change
over time

* Family, employee,
and student
mobility is the
norm in the U.S.
today

* So how do you
analyze data?

Multilevel Data

* Units “nested” within units
* Examples:
— Students in classrooms
— Employees in job sites
— Measurement occasions in
students in schools

* Outcomes within groups
are likely correlated, so use
multilevel modeling, not
regression

Unconditional HLM Growth Models

The reading score at time t for student i who
attended school j:

At Level 2 (student):

Intercept: Teoij = ,Booj + rOij

Slope: g = Proj + N



Unconditional HLM Growth Models

The reading score at time t for student i who
attended school j:

At Level 3 (school):

Intercept:

ﬂooj = Y000 1 Ugoj
Slope:

Pioj = Y100 + Uioj

Cross-Classification

Lower-level units belong to more than 1

higher-level classification

Examples:

— Students may attend the same school but live in
different neighborhoods (e.g., Scotland

Neighbourhood Study, Garner & Raudenbush,
1991)

Multiple Membership

* Lower-level units belong to more than 1
higher-level unit within the same classification
e Examples:
— Patients served by multiple nurses
— Doctors practicing in multiple hospitals
— Students taking multiple classes
— Students attending more than one high school
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s (N e (el Hierarchical

 Usually multilevel = hierarchical

* Each unit belongs to one (and only one)
higher-level unit

* When this isn’t true, we have non-
hierarchical multilevel data

Cross-Classification
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Figure 7: Twelve Students at Level 1 Nested Within an Area and School Cross-
Classification at Level 2

(Fielding & Goldstein, 2006)
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Growth Models With Mobility

The reading score at time t for student / who attended
(the set of) school(s) j; in the first year and (the set of)
school(s) j, in subsequent years:

At Level 1 (measurement time): E

RAGi 3,010 = Foictintiny T P an it + Bicintion

Intercept Slope
(Starting Point) (Annual Growth)

(Adapted from Grady & Beretvas, 2010, pp. 405-407)

Growth Models With Mobility
At Level 3 (school):

Intercept:

Loo i 35ip = Yoooo + Zhegj,3WeinUoono
Slope:
Biotintiy = Y1000 ZnegiyWinliono + Zhe{ i, WeinUsoon

A
subsequent schools

(Adapted from Grady & Beretvas, 2010, pp. 405-407)

SETTING UP THE DATA

Growth Models or Repeated
Measures
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Growth Models With Mobility

The reading score at time t for student i who attended
(the set of) school(s) j; in the first year and (the set of)
school(s) j, in subsequent years:

At Level 2 (student):

Intereept: 7o iinti,n = Poowiontion + oidiondip
Sl ; = . . . i
ope gy = Proginnti,n T iy

(Adapted from Grady & Beretvas, 2010, pp. 405-407)

Canignoring
mobility change
your study’s
findings?

YES

Goldstein, Burgess, & McConnell (2007)
Chung (2009)

Grady & Beretvas (2010)

Luo & Kwok (2012)

Data for MLwiN

* Prepare your data file in another stats program
Single data file (unlike HLM)
* Each row is a measurement occasion

 Student and school info repeated within
student

* Student and school IDs must start at 1

* Some data manipulation can be done in MLwiN
(sort, rename, select cases)



Data for MLwiN

* Columns:
— Measurement Occasion or Time (Level 1)
— Year (for growth model, starts at 0)
—ID (Level 2)
— Rdg (Dependent Var or Outcome)
— First_School_1, First_School_2, etc and weights
— Subsequent_School_1, Subs_Sch_2, etc and weights
— Student covars

* Let’s look at the data!

USING MLWIN TO
MODEL STUDENT
GROWTH WITH
MOBILITY

Growth Models or Repeated
Measures

Setting Up Models in MLwiN

* Run “naive” model using hierarchical nesting:
— First_Sch_1 (Level 4)
— Subsequent_Sch_1 (Level 3)
— Student (Level 2)
—Time (Level 1)

* This gives starting values for actual modeling
using Monte Carlo
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Setting Up Models in MLwiN

* Sort by:

— First_Sch_1

— Subsequent_Sch_1

— Student

—Time

Setting Up Naive Model

rdg = g, + e

(14892 of 14892 cases in use)
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Add Year for Growth Model

6 aust
rdg

(14892 of 14892 cases in use)

Set Year Random at All Levels

(14892 of 14892 cases in use)

Adding Cross-Classification & Multiple
Membership to the Model

* The “real” model using CCMM:
— First_Sch_1 — First_Sch_4 (CC Level 3 — MM)
— Subs_Sch_1 —Subs_Sch_12 (CC Level 3 — MM)
— Student (Level 2)
—Time (Level 1)

* First switch to Monte Carlo

* Then set cross-classifications and multiple
memberships
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Set Intercept Random at Levels 2 & 4

5% Equations
1y = fo + pryea + e,

4)
Pou=pPot U[n;ﬁ-v

160t Uedn

intercept random at

(14892 of 14892 cases in use)

Run Naive Model

o

Not for interpreting! Just starting values for Monte Carlo.

B 5]




i JOHNS HOPK!

1dg = fo * puyear - &
@) @ 2)
Bo:= fo T Z:aeﬁ?s!schij(i)ws J)u(o} + 11(0;),,;(,')
2

PBu=pr T Z,-Efmm,z(.-)wg-)ﬂ(g - ngmb:ch](i)wg')u(i} T U

ﬁy JOHNS HOPKINS

A ——. Variance in intercept
EAERLEL R S  among 15t-year schools
| Bie = -0.0010.007) + g it

I:u:,\;,,,m\_,m o, o) ;o= [0.112(0.027) ]

Wy frssch_) -0.032(0.005) 0.005(0.001)
Wz~ N0, ) 0 = 0.0160.001)

WG| <0, o) - o= [05340.030)

Wy -0.032(0,006) 0.004(0.001)
&~ N0, Qug) Qupo = 0.403(0.007)
Deviance(MCMC) = 28726.614(14892 of 14892 cases in use)

9 Jorins Horkins

rdg = gy, + pyyear, + e
— ) @) )
PBor = -0.093(0.028) + T soieen 1eWirfo; T Uosan

B = -0.0010.007) + 5, _prvein s )+ T e )+ 1Py

Deviance(MCMC) = 28726.614(14892 of 14892 cases in use)

%ﬁ JOHNS HOPKINS

g = fu+ fryear + e,
P = 0.093(0.028) + 5, sope Tl + 1
| By, = -0.001(0.007) + .0
Variance in
intercept among
students
6(0.00
= | 0.534(0.034)
-0.032(0.006) 0.004(0.001)

&= N(0, Q) Qg = 0.403(0.007)
Deviance(MCMC) = 28726.614(14892 of 14892 cases in use)
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Variance Components

B Equatiens
g = gy + puyean < e
o = -0.093(0.028) _year

fy, = -0.0010.007)

}/.\'u}. o) ol = [ =1
.

~ N0, 0]

} -Ni©, o) 0

schools

) oy = 0.016(0.001)
0.534(0.034)
-0.032(0.006) 0.004(0.001)

&~ N(O, Qug) Qo = 0-403(0.007)
Deviance(MCMC) = 28726.614(14892 of 14892 cases in use)

Variance Components

£ Equations
rdg, = fo + pryear, < ¢

= |0.212(0.02
-0.032(0.0

€~ N0, Qg0) Qg0 = 0.403(0.007)
Deviance(MCMC) = 28726.614(14892 of 14892 cases inuse)

Variance Components

Intercept Growth

Estimate (SE) |Estimate (SE)
Students .479 (.029)  .003 (.001)
First schools .135(.023)  .004 (.001)

Subsequent schools N/A .012 (.001)

* Most of the variation in initial reading scores is due to
variation among students

* Students’ growth is due largely to influence of schools, not
students

* Small estimates of growth likely due to use of standardized z
scores
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Variance Components

£ Equatiens

g = gy T puyen T e
By, = -0.093(0.028)
B = -0.001(0.007)

schools

= | 0.534(0.034)
-0.032(0,006) 0.004(0.001)

&~ N, Qug) Qup = 0.403(0.007)
Deviance{MCMC) = 28726.614(14892 of 14892 cases in use)

Added Covars

0 Equatices

Fo = 0.049(0.03
£y, = -0.001(0.006)

Deviancel MCMC) =

Required
Reading:

MLwiN online
course at
Center for
Multilevel
Modelling
www.bristol.ac.

uk/cmm/

My contact info:
Bess Rose
brose6@jhu.edu

rdg, = fo + Bvear + -0

0.026)frpl, + -0.288(0.025)minority, + 0.181(0.019)female, + ¢,

N, o ;o = [01350.023)
-0.022(0.004) 0.004(0.001)

) ol = 0.0120.001)

W, o= [0.47900.029)

) o [00s0.008) 00030001
= 0.405(0.007)

28778.174(14892 of 14892 cases in use)

Fielding & Goldstein (2006): Cross-
classified and Multiple Membership
Structures in Multilevel Models
http://www.education.gov.uk/publications/eo

rderingdownload/rr791.pdf

Grady & Beretvas (2010): Incorporating
student mobility in achievement growth
modeling: A cross-classified multiple
membership growth curve model
Multivariate Behavioral Research

Leckie & Bell (2013): MLwiN Practical on
Cross-Classified Multilevel Models (MLwiN
course)

Leckie & Owen (2013): MLwiN Practical on

Multiple Membership Multilevel Models
(MLwiN course)


http://www.education.gov.uk/publications/eorderingdownload/rr791.pdf
http://www.education.gov.uk/publications/eorderingdownload/rr791.pdf
http://www.bristol.ac.uk/cmm/
http://www.bristol.ac.uk/cmm/
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