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Outline

1 Intraindividual SEM (ISEM)

▶ Lagged variables

2 Multiple reporter models

▶ Cross-classified models

3 Dynamic SEM (DSEM)

▶ Stationarity and equidistance
▶ Individual differences in residuals
▶ Admissible range priors (McNeish)
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Why?

Why intraindividual (intrapersonal, micro-longitudinal,
within-person, ideographic) research?

A state is an experience in a situation
A process is a

• sequence of states, or

• a transformation of one state into another

The important questions to ask are (Schmitz, 2006)

• What do teaching and learning processes look like?, and

• What effect does teaching have on learning processes?

We cannot draw conclusions about processes based on
cross-sectional data!

• Intensive longitudinal data needed

Many theoretical perspectives pose process models
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Why?

There is a growing interest in intraindividual research
• Subjective reports collected via diaries, experience sampling and

ecological momentary assessments

▶ Retrospection bias reduced, contextual closeness enhanced

• Multiple reporters, e.g., teachers, observers, parents, peers

▶ Self-reporter bias reduced

• Objective measures collected using brief standardized tests and tasks,

computer traces, ambulatory devices for physiological measures

▶ facial expressions, heart-rate (HR), electrodermal activity (EDA),
physical activity (PA)
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Why?

Toward a theory of individualized / personalized learning

(Tetzlaff, Schmiedek, & Brod, 2021)
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”Standard” intraindividual design

The Learning Every Lesson (LEL) study

Day 1

Lesson 1

Day 2

Lesson 2

Lesson 3

Lesson 4

Lesson 5

= Student self-report

Day 5...

Learning Experience Questionnaire, LEQ
Teacher reports: performance, task-focus, involvement

(Malmberg, Woolgar, & Martin, 2013; Malmberg & Martin, 2019)
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Data collection devices

The Learning Every Lesson (LEL) study 2007-08

Mixtures of single-item and multiple item constructs

9 / 64



ISEM

Cross-
classified

DSEM

Conclusions

Acknowledge

References

Data collection devices

Learning Every Lesson (LEL) 2007-08 (more items....)
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Let’s get an intuition for intraindividual data
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Fictive cases

Learning experiences by rank-order time and by school-subject
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Fictive cases

Learning experiences by rank-order time (left) and
intraindividual association (right)
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Modelling sequence

Modelling sequence

1 Factor structure

▶ Multilevel Confirmatory Factor Analysis (MCFA)

2 Fixed and random effects models, cross-level interactions
moderation

▶ Multilevel SEM (MSEM)

3 Autoregressive and cross-lagged models
▶ Multilevel SEM (MSEM)
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Data for MCFA

Table: Descriptives for all data, and level specific data

Raw

enj cho int had Min Max M SD Skew Kurt

enj 1 4 3.00 1.04 -0.72 -0.70
cho 0.55 1 4 2.48 1.13 0.05 -1.38
int 0.77 0.61 1 4 2.88 1.09 -0.53 -1.04
had 0.16 0.09 0.17 1 4 3.21 0.92 -1.09 0.40
tea 0.20 0.16 0.23 0.74 1 4 3.28 0.88 -1.25 0.91

CWC

enj -2.82 2.73 0.00 0.85 -0.43 0.24
cho 0.52 -2.65 2.73 0.00 0.80 0.10 0.63
int 0.72 0.56 -2.82 2.73 0.00 0.89 -0.30 -0.07
had 0.07 0.03 0.08 -2.82 2.73 0.00 0.66 -1.23 3.58
tea 0.11 0.07 0.11 0.61 -2.82 2.73 0.00 0.62 -1.33 4.38

GMC

enj 1.13 4.00 2.98 0.61 -0.31 -0.17
cho 0.62 1.00 4.00 2.47 0.78 0.14 -0.71
int 0.86 0.70 1.00 4.00 2.86 0.63 -0.13 -0.35
had 0.29 0.14 0.30 1.00 4.00 3.20 0.63 -1.06 1.49
tea 0.33 0.24 0.38 0.88 1.00 4.00 3.27 0.62 -1.40 2.58

Note: The top section is estimated based on the raw single-level data (nti = 3,017), the
mid section on the within-cluster centred data (nti = 3,017), and the bottom section is
based on the grand-mean centred data (ni = 202).
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Modelling sequence

(1) Multilevel Confirmatory Factor Analysis (MCFA)

had want enj int choIndicators

Within

Between

1(a) 1(c)

1

1 2 3 4 5

motivationi

Controlled
motivationi

Autonomous

motivationti

Autonomous

1 1 11 1

motivationti

Controlled

1 1 1 1 1

(b)

1(a) (b)

(d) (e)

1(c) (d) (e)

(Malmberg, 2020)

16 / 64



ISEM

Cross-
classified

DSEM

Conclusions

Acknowledge

References

Modelling sequence

Challenges for model fit for MCFA

• Goodness of fit measures CFI and RMSEA are not
level-specific → Can be handcalculated following (Ryu &
West, 2009)

• SRMR are level-specific SRMRB and SRMRW
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Modelling sequence

(1b) MCFA with level-specific covariates

AutoB

CntrW AutoW

CntrB

Female

Year-group

Day

Lesson

.07* .09***
.10***

(Malmberg, 2020)
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Modelling sequence

(2) Fixed and random effects models, cross-level interactions

Fixed effect 
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Schmitz & Skinner, 1993

The starting point, back in 1993 (Schmitz & Skinner, 1993)

Multivariate time-series models of cases
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Time-lagged models

Cyclic and dynamic model following Schmitz and Skinner (1993)

AutoT-1

CntrT-1

EffT

AutoT

CntrT

CompT

Time T-1 Time T

CompT-1

EffT-1

Student processes
Social time, chronological time, school-subject

Teacher processes
Teacher involvement, perception of students' task-focus, student performance

• Time-points: TimeT and TimeT−1

• Autoregressive paths (cyclic) = self-sustaining
• Cross-lagged paths (dynamic)

▶ Positive = self-enhancing
▶ Negative = self-diminishing
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How to operationalize time for schools?

Creating contextually appropriate lags

Lags within days (AutoT−D1)

Lags within school subjects (AutoT−S1)

Day Lesson Subject Auto AutoT−D1 AutoT−S1

2 1 English 3.00 * 2.67
2 2 Maths 1.67 3.00 2.00
2 3 Arts 2.00 1.67 *
2 4 PE 1.67 2.00 *
2 5 History 2.33 1.67 *

3 1 Maths 2.00 * 1.67
3 2 Language 3.00 2.00 *
3 3 English 2.67 3.00 3.00
3 4 Science 2.00 2.67 2.33
3 5 Computer 2.67 2.00 *
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Within-day and within-school-subject lags separately

EffT-D1

AutoT-D1

CntrT-D1

CompT-D1

EffT

AutoT

CntrT

CompT

Within-day lags

.11

.19

EffT-S1

AutoT-S1

CntrT-S1

CompT-S1

Within-school-subject lags

.28

.18

.09

-.07

.20

-.08-.08

.18

.19

.10

.50

.13 -.07

.18

.19

.10

.49

.19

.08

EffT

AutoT

CntrT

CompT

• Effort not sustained

• Competence and autonomous motivation sustained in
subjects

• Controlled motivation sustained both in days and in
subjects
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Challenges and debates on MSEM

Challenges with MSEM?
• Small variance at between level

▶ Adjust s.e. for clustering
▶ Use MCFA for test of structural validity, then run MLMs

• Parameters that misbehave

▶ Haywood-cases with negative variances → fix at > 0?
▶ Correlations very close to or > 1
▶ Massive variance → adjust scaling of variable
▶ Is model misspecified?

• Model doesn’t converge

▶ Allow to run for longer, more iterations
▶ Set lower convergence criteria
▶ Change estimator → Weighted Least Squares or Bayesian
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Part II: Multiple reporter models

1. Teacher-reports of student characteristics (one-off)
2. Students and teacher-reported emotions the same lesson

3. Teacher-reports of four target students per lesson

26 / 64



ISEM

Cross-
classified

DSEM

Conclusions

Acknowledge

References

Measures
Teacher reports (once)

Students’ task focus (6 items from Zhang et al., 2011)
e.g., ”actively attempts to solve even difficult tasks”,
”gives up easily” (α = .94; ωB = .95)

Teacher’s involvement: Dedication of resources (aid, time,
energy; e.g., Wellborn et al., 1988): (6 items) ”I spend
one-to-one time with him / her”, ”I give him / her a lot of
attention” (0 = not at all, 4 = very often), α = .84; ωB = .84; λB s = .43

to .89 .

Students’ academic performance; Coverage of curriculum levels
in maths, English and science (α = .90, and ωB = .90) .
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Teacher reports of student characteristics

How are teacher perceptions and involvement associated with students’
learning experiences?

Table: Between-level (students) correlation matrix

Efforti Compi Autoi Cntri Perf Focus

Efforti
Compi .23
Autoi .29 .50
Cntri .20 .30 .44
Perf .07 .49 .08 .24
Focus .14 .41 .21 .21 .71
Inv -.21 -.28 -.03 .01 -.45 -.42

Note: Eff = effort exertion, Comp = competence belief, Auto = autonomous motivation, Cntr = controlled motivation;
i = student average during the week; Perf = student academic performance, Focus = student task-focus, Inv = teacher
involvement with each student.
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Students’ and teachers’ emotions

How do teacher emotions predict students’ emotions during a
school day (Sorkkila et al, submitted)?

• Primary school teachers (nj = 20) in Finland reported their emotions
during 2-4 lesson in a school day (ntj = 61)

• Students (ni = 258) reported on their emotions during those same
lessons (nti = 672)

Lessons were nested in both students and teachers
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Students’ and teachers’ emotions

Teachers negative emotions decreased during the day, and
predicted lower level of positive emotions in students

Within

Between students

M2: Cross-classified model

1

Within

Between

M1: Change over time

1

S Pos

S Pos

Change

Lesson e S Pos

T Pos

T Neg

e

S Pos S Pos

Lesson

Between teachers
.022

.483
.443 .166

3.530

.044

-.062

-.271

3.514

-.667

30 / 64



ISEM

Cross-
classified

DSEM

Conclusions

Acknowledge

References

Teachers’ reports of target students

Do teachers differ in their interaction with individual students
during one week’s time? (Li, Mayer, & Malmberg, 2024).

• Primary school teachers (nt = 20) in Taiwan reported on four target
students (nst = 80) each lesson (nlst = 981-996)

• Does student-reported teacher’s instructional support differentially
predict teacher-reported student behavioral engagement (two student
Ts’ ”pay relatively more” and two ”relatively less” attention to?)
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Teachers’ reports of target students

higher student engagement 
Teacher involvement predicts 

positive teacher emotions 
Student engagement predicts 
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Teachers’ reports of target students

students in how they react  
Differences between 

to teacher involvement 
teachers in how students  

Differences between 

react to teacher involvement 
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Teachers’ reports of target students

Note: Blue lines represent two target students the teacher was relatively more involved with, and black lines
represent two target students the teacher was relatively less involved with.

was more involved with 
When students the teacher

were more engaged,
this predicted the teacher's 

emotions more strongly
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Designs and cross-classified MSEM

Optimal study designs for educational settings?
• Bayesian estimator

▶ Complex models possible to specify
▶ Does not rely on large sample theory
▶ Handles small variances and between-level sizes

• Challenges

▶ Use the Bayesian estimator only as an ”estimator” rather
than adopting the Bayesian philosophy (i.e., specify priors)

▶ Posterior estimates misbehave (trace plots, MCMC
autocorrelations, Potential Scale Reduction > 1.05)
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Part III: Dynamic SEM (DSEM)

Model process-parameters
”Adjust” unequal time-lags

Individual residuals
Semi-informative priors
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DSEM

Advantages of DSEM
• Combines multilevel models and time-series models within
SEM

▶ ”Multiple” time-points per person
▶ Close equal spacing between time-points
▶ Stationarity assumed (i.e., no mean trend)
▶ There is variability around a stable mean

▶ We want to predict fluctuations (within-person variation)

• Many features of DSEM
▶ Adjustment of time-lags (”TINTERVAL”simulation)
▶ Individually varying residuals
▶ Process variables modelled at the between-level
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AR examples

Examples of stationary time-series with different auto-regressive
parameters (0.8, 0.0, -0.8)
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Hamaker et al, 2018

(Multilevel Multivariate) Vector Auto-Regressive (VAR) model
with individual (random) residuals (Hamaker, Asparouhov, Brose, Schmiedek, &

Muthén, 2018)
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Hamaker et al, 2018

Associations between process-parameters (at level 2)

PP, NN are auto-regressive (inertia, stability) paths
NP, PN are cross-lagged paths
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Design of PEC

The Physical activity, Engagement and Cognition (PEC) study
(Malmberg, Heemskerk, Lo, Esser, Dawes, Kodzhabashev, Roebers)

= Ss' learning experiences

= Executive functioning (Hearts & Flowers) 

Situational measures

Day 1

Morning

Day 2

Noon

Afternoon

Day 10...

...

...

...

Person measures
Height and weight, some demographics

= Accelerometer wristband up to 12 days

43 children (21 boys) from 8:11 and 11:4 years old (MAge =
9:11 years, SDAge = 9 months), in grades 3,4 and 5 in England
completed a modified version of the Hearts and Flowers (HF)
trials (Davidson, Amso, Anderson, & Diamond, 2006) .
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The Hearts and Flowers tasks

• The Common EF perspective (Friedman & Miyake, 2017)
poses that working memory, inhibition and shifting ”might
be a collection of processes” (p. 187).

• ”Hearts” block with congruent responses

Press button on the same side as the heart (to the right)

• ”Flowers” block with incongruent responses

Press button on the opposite side of the flower (to the left)

• ”Mixed” session with congruent and incongruent responses
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Accuracy for the mixed block (”Mixed”) during 10 days, by
child
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Some possible non-stationary trends? Removing cases did not enhance
model fit or convergence. We included time-of-day and day-or-week in
some models as covariates.

43 / 64



ISEM

Cross-
classified

DSEM

Conclusions

Acknowledge

References

Response-time for the mixed block (”Mixed”) during 10 days,
by child
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Figure: Four case-studies
Note: Values for accuracy were 0.56-1.00 indicating proportion correct, and
response-time were 0.54-1.55 in seconds.
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Table: Descriptives of executive functioning tasks (nti = 651) of students (ni = 43)

Within 1. 2. 3. 4. 5. M SD Range

1. State-Acc 0.92 0.07 0.56 - 1.00
2. State-Acc laga .18 0.92 0.07 0.56 - 1.00
3. State-RT .37 .13 1.08 0.20 0.54 - 1.55
4. State-RT laga .11 .36 .28 1.08 0.20 0.54 - 1.55
5. Timeb -.11 .06 .01 .02 0.12 0.92 -1 to 1
6. Dayc -.14 -.11 -.27 -.14 -.04 -0.09 1.38 -2 to 2

Between 7. 8. 9. 10. M/% SD Range ICC

7. Trait-Acc 0.92 0.05 0.75 - 0.99 0.43
8. Trait-RT .30 1.09 0.16 0.74 - 1.35 0.55
9. Boy -.18 -.21 48.8%
10. Age .09 -.22 .19 9.95 0.72 8.90 - 11.35

Note: ”Acc” = Accuracy and ”RT” = response-time for the Mixed tasks. Within-level variables are referred to as ”states” and between-level variables as
”traits”. Associations are within and between-level correlation (R psych). For lagged variables (T-1) nti = 608. Descriptives at the within-level were based on

raw data, and at the between-level based on aggregated raw data. Accuracies are presented as proportions, and reaction-time in seconds. b Time of day was
centered at noon (-1 = morning, 09:00-10:59, 0 = noon, 11:00 - 12:59; 1 = afternoon, 13:00-15:00). c Day of week was centered mid-week (-2 = Monday, 0
= Wednesday, 2 = Friday).
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Table: Priors for model parameters

Parameter Magnitude Variance Reference

Beta: accT on accT−1 0.29 1.00 Trevillion et al (2022)
Beta: accT on respCWCT 0.14 1.00 raw data (r = .37)2

Mean: accB 0.92 1.00 raw data
Mean: ϵ -3.00 1.00 Exp(0.05)
Mean: respW 1.08 1.00 raw data

Var: respW 4.00 0.20 IG for Mode = 0.04a

Var: accB 3.00 0.02 IG for Mode = 0.005a

Var: accW 4.00 0.20 IG for Mode = 0.04a

Var: ϵB 3.00 4.00 IG for Mode = 1.000a

Note: a We specified weakly informative admissible-range priors priors following
(McNeish, 2019) for variances.
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Following McNeish (2019) we use descriptive data to calculate
the proportion of variance at the within (≈ 0.05) and
between-levels (≈ 0.01). Then we find boundaries for
conservative estimates (0.04 and 0.005) of an inverse gamma

distributions.
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a = 0, b = 0.005
a = 1, b = 0.01
a = 2, b = 0.015
a = 3, b = 0.02
a = 4, b = 0.025
a = 5, b = 0.03
a = 6, b = 0.035
a = 7, b = 0.04
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Time-lagged data

Example data for fictive case

studid obs day time AccT AccT−1 RTT RTT−1

001 1 1 10:36 0.94 * 0.995 *

001 2 1 14:44 0.95 0.94 1.100 0.995

001 3 2 09:55 0.98 0.95 1.050 1.100

001 4 2 14:55 0.92 0.98 1.002 1.050

... ... ... ... ... ... ...

001 18 9 14:00 -9 0.93 -9 1.120

001 19 10 10:10 0.92 -9 1.200 -9

001 20 10 14:55 0.95 0.92 1.102 1.200

Note: obs = rank-order observation (discrete time), time = chronological
time, Acc = Accuracy (proportion, 0.40-1.00), RT = Response time (sec-
onds), T = concurrent time-point, T-1 = lagged time-point, -9 = missing
data (non-response), * = missing by design

Adjust for non-equidistant time-lags using the ”TINTERVAL” function, in
3-hour chunks. Sample-size in simulation increases from nti = 651 to nti =
3,492.
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Individual residuals

In the MLM residuals are independent and identically
distributed in a regression model, ϵ ∼ i.i.d. N(0, σ2).
We want to estimate individual residuals - these increase
precision in other parameters

Within (time-points)
Between (students)

A. Stability of accuracy

AccTAccT-1

Acc

1 ε

ε

.106

.915

.006

.006

1.342Mean
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Models

Day of week

Time of day

Within (time-points)
Between (students)

A. Stability of accuracy

AccTAccT-1

Acc

1 ε

Within (time-points)
Between (students)

B. Accuracy response-time dynamics

AccTAccT-1
1 ε

RTCWC

ε

Acc

φ

ε

Within (time-points)
Between (students)

C. Covariates

AccTAccT-1
1 ε

RTCWC

Acc

Mean

φ

ε

Boy

Age

.106

.915

.006

.006

1.342

.916

.131

.003

.011

.205

 1.324

-.005

MeanMean

.131

.003

.932

.011

.205

 1.317

Figure: Dynamic structural equation models
Note: Diagrams are simplified, not all parameters reported. Rectangles indicate observed measures at the
within-level, and ellipses latent constructs at the between-level. ϵ = individually varying residuals we report
exp(ϵ). ϕ = random term for accuracy-on-response-time-slopes. Models were estimated in Mplus, using the
time-interval function to adjust for non-equidistant time-points.
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Individual differences in slopes
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Figure: Individual difference in accuracy-on-response-time-slopes

When children who are less accurate slow down they perform
better
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DSEM with biophysiological measures (HR) and coded
videos of interaction
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Biophysiological measures

Linking observation and biophysiological data (in 5 sec
segments). Observed agency (e.g., leadership) and communion
(e.g., friendliness)

= Heart rate monitor

= first 12 minutes of lesson (real-time coding from video)

Teacher A

Observation

Ambulatory measures

Teacher B

(Donker, Van Gog, & Mainhard, 2018)
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Biophysiological measures

”Objective stress” heart-rate (HR) ambulatory physiological
measurement (5 sec segments), controlling for physical
movement

55 / 64



ISEM

Cross-
classified

DSEM

Conclusions

Acknowledge

References

Biophysiological measures

Time-series modelling of HR → Agency → Communion
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Summary Part III

DSEM is a powerful tool

• Our own adventures do not take advantage of the full
DSEM

• Many elements of the DSEM can be incorporated into
models

• Are we used thinking in terms of time-series?

• ”Small n” studies (with informative priors)

• Ratio between n and t (Schultzberg & Muthén, 2018)
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Conclusions
Where do we go from here?

Future designs
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Conclusions

There is growing body of intraindividual educational research

• Focus on processes

• Many complementary models for processes

• Real-time objective and subjective measures

• Modelling individualized learning

How is the software side?

• MPlus versus R brms, R Stan
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Future designs

Can we turn process-studies into nudge/prompt/just-in-time
designs?

• For medical students (Breitwieser, Neubauer, Schmiedek,
& Brod, 2021), exam-results could be improved (d =
0.21), while short-term effects wore out fast

• Children’s vocabulary learning using an app with or
without prompts, or with or without planning (Breitweiser
et al., 2023)

• Investigate effects of individualized support in class (Street
et al 2023-27)
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