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Significance of modeling count data
Over-dispersion in cross-sectional counts

Over-dispersion in longitudinal counts
Comparison of two popular methods

Detection over-dispersion in longitudinal counts
Address missing data

Zero-inflation in cross sectional and longitudinal
counts

An example of future research projects



/Lﬁ%&aﬂzﬂ%ﬁ;&a
What are count data? MR

In statistics, count data represent a type of data, in which the observations can
take only the non-negative integer values {0, 1, 2, 3, ...}, and where these
integers arise from counting rather than ranking.

» Relation to binomial/binary data
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o Common in biomedical and clinical research, for example, the number of
hospitalizations in a given time period

o Next Generation Sequencing, such as RNA-Seq, generates count data.
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Gene function analysis

Common RNA-seq workflow (from bgisequence.com)
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Parametric distributions to model counts/!'\"f

 Poisson

* Negative Binomial

» Separate semi-parametric methods from parametric methods: quasi-
likelihood Poisson
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Poisson distribution e

» The probability mass function of Poisson distribution:
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]

Pr(Y =yIA)= for y=0,1,2,...

« Poisson is a one parameter distribution (A)

* A is the mean or expected value of a Poisson distribution

* A IS also the variance of a Poisson distribution

* In real count data, it is very common that variance>>mean, called as
over-dispersion, and we should use alterative method, such as negative
binomial or quasi-likelihood Poisson
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Statistical Applications in Genetics
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Detect over-dispersion

 Parametric method:

Goodness-of-fit

« Semi-parametric method:

Quasi-likelihood



St. Jude Children’s
Research Hospital

Danne Th

Detect over-dispersion

34 The Open Bioinformatics Journal, 2013, 7, (Suppl 1: M3) 34-40

Statistical Methods for Overdispersion in mRNA-Seq Count Data
Hui Zhang*, Stanley B. Pounds and L1 Tang

Department of Biostatistics, St. Jude Children's Research Hospital, Memphis, TN 38105, USA

Abstract: Recent developments in Next-Generation Sequencing (NGS) technologies have opened doors for ultra high
thronghput sequencing mRNA (mRNA-seq) of the whole transeriptome. mRNA-seq has enabled researchers to
comprehensively search for underlying biological determinants of diseases and ultimately discover novel preventive and
therapeutic solutions. Unfortunately, given the complexity of mRNA-seq data, data generation has outgrown current
analytical capacity, hindering the pace of research in this area. Thus, there is an urgent need to develop novel statistical
methodology that addresses problems related to mRNA-seq data. This review addresses the common challenge of the
presence of overdispersion in mRNA count data. We review cuirent methods for modeling overdispersion, such as
negative binomial, quasi-likelihood Poisson method, and the two-stage adaptive method; introduce related statistical
theories; and discuss their applications to mRNA-seq count data.

Keywords: Count response, mRNA-seq, negative binomial theory, over-dispersion, Poisson, quasi-likelihood.
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Significance of modeling count data
Over-dispersion in cross-sectional counts

Over-dispersion in longitudinal counts
Comparison of two popular methods

Detection over-dispersion in longitudinal counts
Address missing data

Zero-inflation in cross sectional and longitudinal
counts

An example of future research projects
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Longitudinal data in clinical trials ™=

* Modern clinical trials usually last for a long time, and even for decades.

* Repeated measures on the same patients

» Missing data are very common
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A real data project example

Purpose
To examine longitudinal parent-reported social outcomes for children treated for pediatric

embryonal brain tumors.

Patients and Methods o o
Patients (N = 220) were enrolled onto a multisite clinical treatment protocol. Parents completed

the Child Behavior Checklist/6-18 at the time of their child’'s diagnosis and yearly thereafter. A
generalized linear mixed effects model regression approach was used to examine longitudinal
changes Iin parent ratings of social competence, social problems, and withdrawn/depressed
behaviors with demographic and treatment factors as covariates.
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Social Problem Profiles of All Patients
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First outcome: Social Problem Profile
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Percent Change in Social Problem Scores from Baseline Over Time
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First outcome: Social Problem Profile /L

Social Problem Scores
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Social Competence Profiles of All Patients
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Social Competence Scores
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Social Competence Scores
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Social Competence Profiles of All Patients
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Parent-Reported Social Outcomes After Treatment for
Pediatric Embryonal Tumors: A Prospective
Longitudinal Study
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Melanie ]. Bonner, Laura Janzen, Sarah Knight, Carol L. Armstrong, Robyn Boyle, and Amar Gajjar
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Purpose
To examine longitudinal parent-reported social outcomes for children treated for pediatric
embryonal brain tumors.

Patients and Methods

Patients (N = 220) were enrolled onto a multisite clinical treatment protocol. Parents completed
the Child Behavior Checklist/6-18 at the time of their child’s diagnosis and yearly thereafter. A
generalized linear mixed effects model regression approach was used to examine longitudinal
changes in parent ratings of social competence, social problems, and withdrawn/depressed
behaviors with demographic and treatment factors as covariates.

Results

During the 5-year period following diagnosis and treatment, few patients were reported to have
clinically elevated scores on measures of social functioning. Mean scores differed significantly
from population norms, yet remained within the average range. Several factors asscciated with
unfavorable patterns of change in social functioning were identified. Patients with high-risk
treatrent status had a greater increase in parenteported social problems (P = .001) and
withdrawn/depressed behaviors (P = .01) over time compared with average-risk patients. Patients
with posterior fossa syndrome had greater parent-reported sodial problems over time (P = .03).
Fernale patients showed higher withdrawn/depressed scores over time compared with male
patients (P < .001). Patient intelligence, age at diagnosis, and parent education level also
contributed to parent report of social functioning.

Conclusion

Results of this study largely suggest positive social adjustment several years after diagnosis and
treatment of a pediatric embryonal tumor. However, several factors, including treatment risk
status and posterior fossa syndrome, may be important precursors of long-term social outcomes.
Future research is needed to elucidate the trajectory of social functioning as these patients
transition into adulthood.

J Clin Oncol 30:4134-4140. © 2012 by American Society of Clinical Oncology

Previous cross-sectional studies, using hetero-

Survivors of pediatric brain tumors are at particu-
larly high risk forcxpcncncmgadvcrsc dfects mlaled
to their di 2 Al
tialefforthasbeen directed at characterizing medical
and neurocognitive outcomes,'*® considerably less
attention has focused on behavioral and social con-
sequences of treatment for childhood brain tumors.
Although evidence suggests that deficits in social
functioning represent a significant part of the mor-
bidity experienced by these survivors,” the nature
and time course of these difficulties remain
poorly understood.
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geneous samples of brain tumor survivors, have re-
ported that survivors have fewer dlose friendships™”
and are socially isolated compared with peers.” Sur-
vivors also demonstrate greater social problems'®!"
and diminished social competence'*'? relative to
normative samples. Comparedwith siblings, adoles-
cent survivors are reported tohave increased depres-
sion/fanxiety and antisodial behaviors, as well as
reduced social ce Inararel dinal
study of 53 patients treated with cranial radiation
therapy for posterior fossa tumors, Mabbott et
al'® reported a progressive decline in social func-
tioning with increasing time from diagnosis.

logy. All rights reserved.

Social Outcomes for

CNS Tumor Survivors

Table 3. ParentReported Social Outcomes by Time on Study

Social Competence*®

Social Problemst

WithdrawryDepressedt

No. of
Year No. Mean SD P+ Patients§ %§ A No. Mean SD

No. of No. of
Pt  Patients % A No. Mean SD Pt Patients % FP|

Baseline 168 499 8.1 94 3 1.8 10 169 836 47 <
136 448 90 <.001 67 002 140 548 57 <
63 465 90 .003
76 465 92 <.001
a1 473 9 07
33 459 103 .03

40 19 76 884 72 <

o s 0N -
w=-0wo

91 03 33 6574 80 <

48 13 62 565 64 <.

24 56 41 860 68 <.

001 3 18 1.0 189 860 73 <.001 10 59 .002

001 4 29 37 140 572 82 <.001 15 107 <.001
001 2 32 35 62 565 69 <.001 3 48 A3
001 5 66 .02 76 571 78 <.001 -] 79 004
001 3 73 056 41 854 7.3 <.001 3 73 .05
.001 4 121 .004 33 570 7.1 <.001 1 3.0 49

NOTE. Bold font indicates significance.
Abbreviation: SD, standard deviation.

#1 test for equality of means, with expected mean of 50

|[Exact binomial test, with expected clinical proportion of 2%.

“Average range defined as T scores ranging from 36-80. Clinically significant scores are defined as T scores = 30
tAverage range defined as T scores ranging from 50-64. Clinically significant scores defined as T scores = 70.

5No. of patients and corresponding % refer to those whose scores exceeded clinical significance.

years), analysis of this trend using a discontinuous-slope GLMM re-
vealed that the change in slope was significant (P < .001), with a

PFS with time since diagnosis were significant at 3 and 5 years. There-
fore, itwas concluded thatinduding observationsatlater time points,

significant negative slope between d and initial foll

(P =.001) and a negative but nonsignificant slope after 1 year postdi-
agnosis. Figure 3 shows change in social competence over time by
patient risk status using the discontinuous-slope GLMM.

Impact of Long-Term Observations

Because the study remained open to accrual, a larger number of
patients contributed data to earlier study time points than later. To
determine the impad of having a lower number of evaluations at 4

Ithough fewer in number, did not significantly alter the interpreta-
tion of study results.

To our knowledge, this is the largest longitudinal study of parent-
reported social outcomes for pediatric brain tumor survivors. Impor-
tantly, our sample was relatively homogeneous with respect to

years postdiagnosisand beyond, the models inedusi ly
observations up to and induding 3 years posldlagnosns For soaa]

bl p the results d identical to the
moddsusngull time points. A similar pattern of results was found for
withdrawn/depressed behaviors. Though the sex-by-time and PFS-
by-time interactions were not retained in the best-fitting 3-year
modd, single covariate models including the interactions of sex and

and social ¢

52
51

Social Problems Score
a
,

Time on Study (years)

Fig 2. Patient risk status and parent-reported social problems over time (T
scores: mean, 50; standard deviation, 10). Lower social problems scores reflect
better functicning. Solid gold line indicates average risk; dashed gold lines
indicate 95% CI. Solid blue line indicates high risk; dashed blue lines indicate
95% Cl.
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di is and treatment, factors that have been difficult to disentangle
in previous research on social outcomes. We found that few patients
were reported to have dinically elevated scores on measures ofsoaal
p social probl or withdrawn/d, d beh
however, the propomon of survivors with dmxally clevated scores
often exceeded the expected proportion based on population data.

Social Competence Score

1 2 3 4 5 6
Time on Study (years)

Fig 3. Patient risk status and parent-reported social competence before and
after mean time until first follow-up (0.86 years) using a discontinuous-siope
generalized linear mixed effects model (T scores: mean, 50; standard dewiation,
10). Higher sccial competence scores reflect better functioning. Solid blue line
indicates high risk; dashed blue lines indicate 95% ClI. Solid gold line indicates
average risk; dashed gold fines indicate 95% CI.
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Computerized Cognitive Training for Amelioration of
Cognitive Late Effects Among Childhood Cancer Survivors:
A Randomized Controlled Trial

Heather M. Conklin, Robert ]. Ogg, Jason M. Ashford, Matthew A. Scoggins, Ping Zou, Kellie N. Clark,
Karen Martin-Elbahesh, Kristina K. Hardy, Thomas E. Merchant, Sima Jeha, Lu Huang, and Hui Zhang
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Purpose
Children receiving CNS-directed therapy for cancer are at risk for cognitive problems, with few

available empirically supported interventions. Cognitive problems indicate neurodevelopmental
disruption that may be modifiable with intervention. This study evaluated short-term efficacy of a
computerized cognitive training program and neural correlates of cognitive change.

Patient and Methods

A total of 68 survivors of childhood acute lymphoblastic leukemia (ALL) or brain tumor (BT) with
identified cognitive deficits were randomly assigned to computerized cognitive intervention (male,
n = 18; female, n = 16; ALL, n = 23; BT, n = 11; mean age * standard deviation, 12.21 = 2.47
years) or waitlist (male, n = 18; female, n = 16; ALL, n = 24; BT, n = 10; median age * standard
deviation, 11.82 = 2.42 years). Intervention participants were asked to complete 25 training
sessions at home with weekly, telephone-based coaching. Cognitive assessments and functional
magnetic resonance imaging scans (intervention group) were completed pre- and postinterven-
tion, with immediate change in spatial span backward as the primary outcome.

Results

Survivors completing the intervention (n = 30; 88%) demonstrated greater improvement than
controls on measures of working memory (mean = SEM; eg, Wechsler Intelligence Scale for
Children [fourth edition; WISC-IV] spatial span backward, 3.13 = 0.58 v 0.75 * 0.43; P = .002;
effect size [ES], 0.84), attention (eg, WISC-IV spatial span forward, 3.30 + 0.71 v1.25 £+ 0.39; P=
.01; ES, 0.65), and processing speed (eg, Conners’ Continuous Performance Test hit reaction time,
=210 = 1.47 v 254 = 1.25; P = .02; ES, .61) and showed greater reductions in reported
executive dysfunction (eg, Conners’ Parent Rating Scale Ill, =6.73 = 1.51 v0.41 = 1.53; P= .002;
ES, 0.84). Functional magnetic resonance imaging revealed significant pre- to post-training
reduction in activation of left lateral prefrontal and bilateral medial frontal areas.

Conclusion
Study findings show computerized cognitive training is feasible and efficacious for childhood

cancer survivors, with evidence for training-related neuroplasticity.

J Clin Oncol 33. @ 2015 by American Society of Clinical Oncology
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Longitudinal data modeling

» Generalized Linear Mixed-effect Model (GLMM)

y=XB+Zu+¢/I(E(y)) = XB + Zu

y is a known vector of observations, with mean E(y) = Xp;

» Generalized Estimating Equations (GEE)

N
N Kty v -y =0
i=1

0Pk

* Non-parametric methods
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A new look at the difference between
the GEE and the GLMM when
modeling longitudinal count
responses

H. Zhang?®*, Q. Yub, C. Fengb, D. Gunzler®, P. Wub and X.M. Tub:d-¢

“Department of Biostatistics, St. Jude Children’s Research Hospital, Memphis, TN 38105, USA;
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Real date analysis using COMBINE, a multi-site clinical trial conducted from
2001 to 2004 on 1383 individuals with alcohol dependence. Two primary
outcomes of the study were (1) days of no heavy drinking (2) days of no drinking,
which were collected at baseline, weeks 8 (visit 1), 16 (visit 2) and 26 (visit 3).
We are interested to know the primary outcomes’ changes since baseline after
adjusted by some demographic variables (not shown).

Comparison of estimates (standard errors x 10~2) between GEE and GLMM

Models fit Visit 1 (81 or By) Visit 2 (8, or 52) Visit 3 (83 or B3)
Days of no heavy drinking

GEE (B) _ 1.908(3.6) 0.144(2.2) 0.144(2.8)
GLMM (B) 0.694(6.2) 0.144(1.5) 0.144(1.5)
Days of no drinking

GEE (B) _ 1.3074.7) 0.224(3.3) 0.216(4.1)
GLMM (8) —0.30(7.3) 0.224(1.9) 0.216(1.9)
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From: Gregoire, Timothy <timothy.gregoire@yale.edu>
Sent: Thursday, October 04, 2012 7:47 PM

To: Zhang, Hui

Cc: David Affleck

Subject: cudos on JAS article.

Dear Hui,

A late night thank you for your informative article (JAS, 2012, v39) on GEE versus GLMM for count data. Excellently and
clearly written, and very insightful.

Tim

Timothy G. Gregoire

J. P. Weyerhaeuser Professor of Forest Management
School of Forestry & Environmental Studies, Yale University
360 Prospect Street, New Haven, CT 06511-2104 U.S.A.

office: 1.203.432.9398 mobile: 1.203.508.4014, fax: 1.203.432.3809
timothy.gregoire@yale.edu
G&V sampling text: http://crcpress.com/product/isbn/9781584883708
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 GEE is more robust to distribution mis-specification while GLMM is more
sensitive to distribution assumption.

» For Poisson, the most common violation of distribution assumption is over-
dispersion.

» For most available SAS procedures and R packages to model GLMM, one
could address the over-dispersion by changing the setting accordingly.

* How reliable are they?
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JOURNAL OF STATISTICAL COMPUTATION AND SIMULATION, 2015 Taylor & Francis

http://dx.doi.org/10.1080/00949655.2015.1111376 Taylor & Francis Group

Comparison of different computational implementations on
fitting generalized linear mixed-effects models for repeated
count measures

Lu Huang?, Li Tang?, Bo Zhang®, Zhiwei Zhang® and Hui Zhang?

aDepartment of Biostatistics, St. Jude Children’s Research Hospital, Memphis, TN, USA; bDjvision of Biostatistics,
Office of Surveillance and Biometrics, Center for Devices and Radiological Health, Food and Drug Administration,
Silver Spring, MD, USA

yit | xi,bi ~ Poisson (pit) log(uit) = Po + bio + xi(B1 + bir),

(b0 (O of 1 025 B
= (o) ()7 (o5 7)) e=r2n

Vit | xi, bj ~ Negative Binomial (1, tir)  log(mi) = Bo + bio + xi(B1 + bir),

(b (O L{ 1 025 B
b’_(bﬂ) i\((0)’r 025 1 » =123
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ALFAC = Dann ¥ Tham

Package/Procedure

50

n=100

00

]
Il
=

g lmmAaDMB
g TmmAK
gImmML_GHQ
glmmML_Laplace
Tmed_Laplace
Tmed _aGQ
MCMCg Tmm

SAS
NLMIXED
GLIMMIX RSPL
GLIMMIX RMPL
GLIMMIX MSPL
GLIMMIX MMPL

g lmmADME
glmmAK
glmmML_GHQ
glmmML_Laplace
Tmed_Laplace
Tmed_acq
McMc g Tmm

SAS
MLMIXED
GLIMMIX RSPL
GLIMMIX RMPL
GLIMMIX MSFL
GLIMMIX MMPL

g TmmADMB
gTmmaK
gImmML_GHQ
glmmML_Laplace
Tmed_Laplace
Tmed_acg
MCMC g Tmm

SAS
MLMIXED
GLIMMIX RSPL
GLIMMIX RMPL
GLIMMIX MSPL
GLIMMIX MMPL

Type | error

0.048
0.004
0.055
0.055
0.050
0.052
0.230

0.052
0.045
0.051
0.047
0.047

0.033
0.012
0.034
0.034
0.035
0.038
0.2683

0.037
0.036
0.034
0.035
0.034

0.038
0420
0.042
0.045
0.041
0.041
0.254

0.042
0.043
0.044
0.044
0.040

Slope

Estimate

1.000
1.022
1.000
1.000
1.002
1.002
1.000

1.000
1.000
1.000
0.999
1.000

0.999
1.013
0.999
0.999
1.000
1.000
0.899

0.899
0.899
0.899
0.899
0.999

0.899
1.022
0.999
0.989
1.000
1.000
1.000

0.999
1.000
1.000
1.000
1.000

Slope

sD

0.046
0.058
0.045
0.045
0.047
0.047
0.053

0.046
0.045
0.046
0.045
0.045

0.029
0.038
0.029
0.029
0.030
0.030
0.036

0.029
0.030
0.030
0.030
0.029

0.016
0.043
0.016
0.096
0.017
0.017
0.019

0016
0016
0016
0017
0016

Small within subject
correlation (0<0.05),
No over-dispersion
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ALFAC = Dann ¥ Tham

Package/Procedure

R
g lmmADME
g lmmaK
g TmmML_GHQ
glmmML_Laplace
Tmed_Laplace
Tmed _aco

f MCMC g Tm

SAS
MLMIXED

n=50

GLIMMIX
GLIMMIX
GLIMMIX
GLIMMIX

RSPL
RMPL
MSFL
MMPL

g lmmADMB

g lmmak

g lmmML_GHQ
glmmML_Laplace
Tmed_Laplace
Tmed _AGQ
MCMCg Tmm

=100

n

SAS
MLMIXED
GLIMMIX
GLIMMIX
GLIMMIX
GLIMMIX

RSPL
RMFL
MSPL
MMPL

g lmmADME
g TmmAK
gTmmML_GHQ
glmmML_Laplace
Tmed_Laplace
s Tmed_aAcQ
o MCMC g Tmm
S sas
MLMIXED

GLIMMIX
GLIMMIX
GLIMMIX
GLIMMIX

RSPL
RMPL
MSPL
MMPL

Type | error

0.083
0221
0.118
0.119
0438
0434
0.396

0.036
0.07%
0.064
0.068
0.063

0.093
0419
0177
0.180
0.736
0.604
0.641

0.049
0.059
0.058
0.062
0.063

0.124
0.353
0375
0376
0.999
0852
0978

0.043
0.080
0.050
0.060
0.044

Slope

————

Estimate

1.072
1.184
1.102
1.102
1.234
1.167
1.208

1.009
1.057
1.037
1.049
1.034

1.057
1.161
1.091
1.090
1.223
1.145
1.190

1.001
1.032
1.012
1.029
1.013

1.047
0.996
1.085
1.085
1.222
1.137
1.180

0.999
1.019
1.004
1.014
1.002

Slope

sD

0.134
0123
0.129
0.129
0.126
0.126
0.129

0.085
0127
0.139
0.12%
0137

0.091
0.078
0.086
0.086
0.085
0.082
0.084

0.056
0.083
0.095
0.085
0.095

0.050
0.043
0.047
0.047
0.047
0.044
0.046

0.031
0.048
0.05%
0.049
0.053

Small within subject
correlation (0<0.05),
over-dispersion = 5
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Over-dispersion in longitudinal counts

No over-dispersion over-dispersion =5

Package/Procedure  Type | error Slope Slope Package/Procedure  Type | error Slope Slope
Estimate D Estimate so
r ”
—~ glmmacME 0.080 e —— 1028 0154 glmmapse 0142 S 1.156 0215
Lo gTmmak 0,080 —_— 1015 0152 glmma. 0151 | — | 1175 0209
gImHL_GHa 0156 1014 0165 glmwmL_cHa 2 2
: 1 0.155 1129 0213
o glmmL_Laplace 0157 1014 0185 glmm_Laplace 0158 1.130 0213
11 Imea_raplace 0,009 ] 1005 0156 Tmea_taplace 0300 —_— 1282 0236
Q o Imea_acq 0095 — 1022 0.180 o Imed_acq 0201 —- 1192 0228
~— 1 mowcgimm 0185 — 1019 0169 "E? MCMC g Tmm 0277 ———— | 1223 0221
sas Sas
= NIxED 0.087 I 1004 0151 NUmIED 0052 — 1029 0186
o GLIMMIX RSPL 0092 e | 0983 0147 GLIMMIX RSPL 0.153 | — 1133 0.203
= cLIMMIX RMPL 0091 —— 1020 0156 GLIMMIX RMPL 0.150 — 1100 0217
I LMD MSPL 0,097 - 0985 0150 GLIMMIX MSPL 0157 —_—— 1430 0.203
—_— GLIMMIX MMPL 0,095 1041 0150 GLIMMIX MMPL 0155 I ————— 1.099 0.216
° . e ' *
g ImADME 0.059 1028 0102 9ImmaoHE 0177 " 1135 0145
B gTmma 0052 | 1001 0107 qlmma 0278 e 1038 0.161
glmmML_cHa 0.131 i 1009 0114 glmmML_GHQ 0.192 1.113 0.150
© glmmmL_taplace 0431 1 1009 0114 glmmmL_Laplace 0195 1114 0.150
4+ med_taplace 0.070 ] 0089 0105 Tmed_Laplace 0.400 1238 0.163
(S] g Imea_acq 0.084 — 1010 0114 2 Imed_acq 0279 1174 0.164
()] o MCMC g T 0.184 e — 1.006 0116 o MCMCgTmm 0382 1197 0.150
—_— £ sas £ sas
o] NUMIXED 0.051 —e— 0999 0104 HLMIXED 0055 e 0995 0130
> GLIMMIX RSPL 0064 = o717 0101 GLIMMIX RSPL 0142 H 1107 0.139
wn GLIMMIX RMPL 0.090 ———q 1042 0114 GLIMMIX RMPL 0117 — 1079 0.150
GLIMMIX MSPL 0073 e ] 0976 0100 GLIMMIX MSPL 0140 (& 1113 0.132
c GLIMMIX MMPL 0.081 o 1042 0114 GLIMMIX MMPL 0121 — 1077 0.151
" ”
,,C_. gImmADVE 0077 f—-a—o 1025 0080 glmmaome 0427 1.140 0.084
E glmmax 0343 o] 1033 0112 glmmAK 0328 = 1022 0077
glmmmL_cHa 0138 1008 0086 gImML_GHQ 0397 1117 0085
glmmL_Laplace 0138 1008 0086 glmwmL_Laplace 0405 1118 0.085
= Imed_taplace 0071 1,000 0061 o Jmed_Laplace 0825 1.243 0092
5 S Imea_asq 0122 1004 0070 g Imed_scq 0600 1173 0096
— 2‘ MEME g T 0202 1008 0070 & Momcglmm 0.738 1194 0.087
sas Sas
8 MLNIXED 0,055 ] 1000 0081 NLMIXED 0062 0985 0076
GLIMMIX RSPL 0045 F—=— 0985 0055 GLIMMIX RSPL 0203 1102 0.065
E ELTMMIX RMPL 0137 —— 1080 0.062 GLIMMIX RMPL 0128 1077 0088
GLIMMIX MSPL 0054 0955 0057 GLIMMIX MSPL 0248 1.108 0070
GLIMMIX MMPL 0158 —a—] 1085 0085 GLIMMIX MMPL 0125 1078 0085
T T T T T T T T T T T T T
Package/Procedure  Type | error Slope Slope Package/Procedure  Type | error Slope Slope
Estimate sD Estimate sD
®
"
glmmanyE —_—— 1063 0.284 R N
! 0940 0282 glmmaHe 0112 _————— 1.204 0247
glmmax e e | I ) e
) Rt b glmmak 0113 } | 1.045 0329
— G ImmHL_GHa 21 o GlmmML_GHE 0106 1.700 4325
(e)) glmmmL_Laplace 1497 4.260 glmmML_Laplace 0126 1364 4149
- Tned_taplace 1039 0588 Tmea_Laplace 0178 I 12585 0563
Tmed_acq } 1038 0440 2 y g ;
o e k 3 4 2 Tmea_acq 0147 t 1178 0374
11 T poucalm e B | 0984 0283 L momcgimm 0.155 ! 1176 0.369
sas
Q NUMIXED 0062 1002 0277 NLMIXED 0075 I | 0999 0311
= Swaxesn o0  —— b oo e U = RS St
c GLIMMIX RMPL 0168 t 1 1.089 0343 GLIMMIX RMPL 0220 !I 1161 0395
o GLIMMIX MSPL 0091 b 0989 0271 CLIMMIx MSPL 0077 | 1079 0310
= , CLmmnx e 04192 f 1 107 0349 GLIMMIX MPL 0217 u - 1149 0291
"
@© gimmaovE 0062 1046 0187
- X 0ox , I o GlmmAcMB 0126 s 1.187 0231
[} glmnax 0. 1 = 2 glmmax 0188 —— | 0908 0.287
- glmnwL_cHa 0.141 I | 1011 0393 gl _cha 0156 | — 11412 0235
= glmnL_Laplace 0.146 1422 3779 glmmL_Laplace 0164 1279 4868
8 g :m:J-inhu g?éé 1 ggg ;;2; o Tmed_Laplace 0196 1266 0811
S med_acq e 2 S Imes_sca 0183 - 1158 0215
- B == 0.152 | — 0982 0199 £ momcglam 0202 | E—— e | 1.187 0253
O sas
145) NLMIXED 0,049 = 0994 0185 NLMIXED 0.049 | Sr— — 0.995 0.202
i GLIMMIX RSPL 0,050 I: 1008 0175 GLIMMIX RSPL 0.067 s 1.088 0211
a GLIMMIX RMPL 0.146 — 1076 0244 GLIMMIX RMPL 0194 | —————— 1475 0253
S GLIMMIX MSPL 0075 —e 0981 0188 GLIMMIX MSPL 0084 I — 1081 0210
7] GLIMMIX MMPL 0183 e 1116 0249 GLIMMIX MMPL 0185 e e | 1187 0259
R R
c glmmaome ——— 1045 0112 P T— 0286 —e 1186 0139
= glamax glmmar
E glmmwL_chia — 0997 0120 glmmL_cig 0170 —— 1003 0127
= glmmHL_Laplace 1049 0.760 GlmmMi_taplace 0239 f—— 1122 0139
; Tmed_Laplace 1.049 0.762 g Tmed_Laplace 0378 1.261 0.750
S mes_sca |::| 0952 0.136 S Imed_sace 0301 —a— 1154 0178
() 'E MM g Tmm 0982 0120 = mcMcglnm 0351 ————— 1183 0.143
SAS SAs
9 NLMIXED '_I—-.:J 0947 0108 NLMIXED 0086 = 0993 0115
I GLIMMIX RSPL 0987 0112 GLIMMIX RSPL 0109 | S —| 1084 0119
I GLIMMIX RMPL e 1183 0118 GLIMMIX RMPL 0160 —e— 1123 0131
GLIMMIX MSPL —=—q 0885 0107 GLIMMIX MSPL 0112 | E—— 1,065 0120
GLIMMIX MMPL p—=— 1085 0106 GLIMMIX MMPL 0300 —_—e] 1181 0162
T T — T
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What are other challenges in overdispersed @ /udcchidren
longitudinal counts? e

 Detect over-dispersion in longitudinal counts.

» A robust non-parametric method not relying on distribution assumption?

* How to address missing data?



Detection of over-dispersion for
longitudinal counts

St. Jude Children’s
Research Hospital

Article

SMMR

STATISTICAL METHODS IN MEDICAL RESEARCH

A non-parametric model to
address overdispersed count
response in a longitudinal data
setting with missingness

Hui Zhang,' Hua He,? Naiji Lu,? Liang Zhu,'
Bo Zhang,’ Zhiwei Zhang® and Li Tang'

Statistical Methods in Medical Research
0(0) 1-15

© The Author(s) 2015

Reprints and permissions:
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Functional response model (FRM) /!'\

Consider distribution-free regression model:

Ef(yj,---¥,) | X, -ooxj] = h(x,...,x;;0),
(j].r'rjq') E C;r ]-ngnr
oy = (Vi1,--- ,yfm)_ - the vector of response from the ith subject
@ f : vector-valued function

@ h(0) : vector-valued smooth function (with continuous derivatives up
to the second order)

@ 0 : vector of parameters of interest
® g : a positive integer, and C/ the set of (g) combinations of g
distinct elements (Ji,...,jq) from the integer set {1,...,n}

@ We call this model as functional response model as it generalizes the
single-subject response to a general function of responses from
multiple subjects
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Functional response model definition /!'\

fii = F(iovi) = (A Vkio Yej) o f2 (Vkio Yig))
1
fiik = f (ki yij) = 5 (Vi + Vi)
1
froi = o (Vii, Yij) = 5 (ki — vij)°
he = h(0k) = (0k1.0k2) = (. 07)
i = (ij))eC™ 1<k<K,

E(fi) = E (F (v yij)) =he =h(6¢).i=(i,j) € C* 1<k <K
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Extension to longitudinal data Mae

Yii = (Yk.flr---ryk.fM)_: Okm = (Orim, Okam) = (Myp Tom)

0 = (000, akM)

fii = flyui. yg) (f . P M) o Fiim = (Fetim fezim)
fitim = fum (Vkimo Yim ) = : (Ykim + Yijm)

2
1
~ (_Vk.fm ykjm)z r

Lj)e G, 1<k<K, 1<m<M,

fk2im — zc2m (_Vk.f'mrykjm) —
h, = h(6;) =0,
— E(fii) = E(F(yui yi)) =6k, i=(ij)e G 1<k<K.

ak:(;)_l > fFlvwiyg)

(ij)eCy"

2
=
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Theorem 1 | S

For 1 < kK < K, let

V(Yki Yii) = F(YuiYki) — 0k, V(Yki) = E(V(Yki Yij) | Yki),
P = Var (V(yw)) = E (Viyu) ¥ (vu))-

Then, under mild regularity conditions,

ﬁk —p Ok, /N (@k—ﬂk) — 4 AN (O,Zk:/—'l@k).

A consistent estimate of 2, is fk = 46;(, with Eﬁk given by:

I

k b 1 ; Ugi — Bk ) | Uk — Ok

~ ~ R - ~ N2
Uk = (uk.flr-"rukiM) , ”kimz(ykfm’(y‘”'mykm))



Application of theorem 1: detect over- Eggat}%ﬂ%g;%bl
dispersion et

@ For example, 0 = (yl,a%,yQ,U%,m,a%)T . test
Ho : pty = 07, jiy = 03, Ji3 = 03
1 =1 0 0 0 O
@ Write as, Hyp : KO = 0, with K = O 0 1 —-1 0 O
O 1 0 0 1 -1

e By Theorem 1,K0 has an asymptotic normal distribution:

VKB 2 AN (0, KZKT)

—~ ~ -1 -
@ [herefore, under Hy, W = niQTKT (KZKT) KB — )(%

By specifying the matrix K appropriately, we could test various hypothesis.



Research Hospital

Application of theorem 1 to testing Lmaccmam
other hypotheses |

T

o For example, 0 = (yy,0%, 1y, 05, 15, 05) , test
o — o — > _ 20 2
Ho : py = pp = 3,01 = 03 = 03,

(10 -1 0 0 0

| | 00 1 0 -1 0

@ Write as, Hy : KO =0, with K = 01 0 -1 0 0
\0oo0o 0 1 0 -1)

@ By Theorem 1,K8 has an asymptotic normal distribution:
VK8 B4 AN (0, KEKT)

T PR L
o Therefore, under Hy, W = n8 ' KT ( KK ) K8 2
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Simulation result: Type | error |

yi = (Yi1, Yio. '.U?:S)T ~ Poisson (A = (ftq fo, »‘-"S)T)

Correlation between time points: p=0.2

1 |os Ho:p, =02, t=1,2,3
Sample Size time 1 time 2 time 3 Type I error
50 5.01 | 4.97 | 4.99 | 4.97 | 4.99 | 4.99 0.102
100 5.00 14.98 | 5.01 | 4.98 | 4.01 | 4.00 0.068
200 5.00 [5.00 | 5.00 | 5.00 | 4.99 | 5.00 0.053
300 5.00 15.01 | 5.00 | 5.01 | 5.00 | 5.00 0.055




Simulation result: power

St. Jude Children’s
Research Hospital

Estimates of y¢  and 0% over time and power estimates from

tests of no overdispersion under NB (true 0.D=2)

ﬁm\b\',zn (true=5|10)

Ho v, o k= 1,2,3

time 1 time 2

time 3

Estimated Power

Sample size = 50

498999 | 495|9.84 | 494 | 9.90 0.90
Sample size = 100

498994 | 498 |9.94 | 5.01 | 10.1 1.00
Sample size = 200

498 9.95 | 5.00 | 10.1 | 5.00 | 10.0 1
Sample size = 300

499 | 10.0 | 5.00 | 10.0 | 5.00 | 10.0 1
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Significance of modeling count data
Over-dispersion in cross-sectional counts

Over-dispersion in longitudinal counts
Comparison of two popular methods

Detection over-dispersion in longitudinal counts
Address missing data

Zero-inflation in cross sectional and longitudinal

counts
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Introduction to data missing

Classification of DOM Based on Rubin (1976), Little and Rubin
(1987), and Little (1995)

e Missing Completely At Random (MCAR): DOM does
not depend on covariates or outcomes P(R;|z;,y::0) = P(R;|0)

e Missing At Random (MAR): DOM may depend on
covariates and observed outcomes
P(R;i|X;,Yi;0) = P(R;| X, Y;(ops): 0) Note that
MCAR Cc MAR.

e Missing Not At Random (MNAR): Any violation of
MAR; DOM still depends on Y;(,,s) even after any dependence
on X; and Yj(ops)-
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Extension to missing data

1 if yuim Is observed
_ _ T
@ rkim = { ki = (rk."ll ey rk;'M)

0 if Vkim IS missing

o Let Tyim = Pr(rim = 1| yi), the monotone missing data pattern
(MMDP) assumption:

Tkim = Pr(rkﬁ'm =1 ‘ Yk.") — Pr(rk,"m =1 ‘ ?k;’m) :
Yiim = {yuisil1 <s<m-—1}, 1<k<K2<m<M
@ We model 4, using a logistic regression as follows:
|Ogit (pk;'m> — |Ogit (PI’ (rkfm =1 ‘ rkf'lim—l?} — 1=§kf'm))
= Qkm T ﬁkTmyk!m,
m
Thim (Vi) = [ ]pus(vis), 2<m< M, 1<k<K,
s=2

)
where 1y = (im, Bl)  a0d 7 = (10 V)|
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Extension to missing data |

logit (mri) = logit (Pr (r,;.” =1 ’}?L.,-f)) = vy + ﬂ;j‘iﬁ.ﬁ_ 2<t<T

nﬁ"f'lﬂ.ﬁ'i’.‘ I:'::')- T kit

-1 —1

icCyk (i,§)€CT*
TkitTkjt

Brit — 8 (?Jm't, Yijts Tkit Tkjt) = hy (Yrit, yk:jt) ;

T kit T kjt

VAN

-
i = &Yk YijiThisThj) = (8kits- - 8rir) » 1<k <K

A 2

0. —, 0, 1 (ak — Qk) —q N (0,2, =4 (D + ¥y))
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Extension to missing data Mg

For 1 < kK < K, let

V(Ykir Ykjs ki Ykj) =  8ki—0k,
g (Yui ki) = E(8(Ykis¥Yij Vkir Vi) | Yii Yhi)
V(Yiiitki) = &(Ykirrki) — Ok,
D = Var (v(yk rui)) = E( (Ykio Yki) V (ykf.rkf))
ol _ o'
C« = E (Mg()’k;irkh’}’kﬂ . Hk=E (a,}/kwk: (’]’k))
F, = E (V (Yiis ¥i, 'yk)wf-THk_leT) ,

Ty = —(CkH;1CJ+Fk+FJ),



Simulation result with missing: power ,&\

t. Jude Children’s
Research Hospital

Estimates of p_ / (7,,21,1 over time and power estimates from
tests of null hypothesis of no overdispersion under NB( O.D=1.5)

n ! Mean | Variance Ho : p), = Ui
time 1 time 2 time 3 Power
50 | 0.1 | 4.98 \ 7490 | 404 | 740 | 494 | 7.41 0.381
100 | 0.1 | 4.98 \7.47 408 | 7.47 | 5.00 | 7.53 0.786
2001 0.1 ] 4.98 \ 7.46 | 5.00 | 7.54 | 5.00 | 7.54 0.991
300 | 0.1 ] 4.99 \ 7.51 | 5.00 | 7.51 | 5.00 | 7.53 1
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Two major problems using Poisson /!'\

» Over-dispersion

» Zero-inflation



Why to discuss zero-inflation?
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Research Hospital

A small piece of real RNA-Seq data (18 of 434480 rows, 5 of 22 subjects) from Acute
megakaryoblastic leukemia (AML-M7) patients are shown:

Chr

W W W Ww w w w www

10
10
10
10

18
18
18

Start

183528262
183528362
183535143
183535781
183535881
183542934
183543034
183543134
183543234
183543334

103534886
103535496
103535625
111674768
111683159

48345950
48346050
48346266

End

183528361
183528371
183535224
183535880
183535899
183543033
183543133
183543233
183543333
183543335

103534973
103535533
103535657
111674857
111683191

48346049
48346072
48346285
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O O O b~

O O O O Ww

o

04G

65

39

10
292
174

O O O N ©
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Zero-inflated Poisson (ZIP) Mo

constant 0  prob = p

Mixed distribution { Poisson (A) prob=1— p

et @Q-pet y=0
PME=Y a-pret e
(1=p) 5

p=(1-p)A
Moments { 2= ) (1—p)(1—Ap)
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A new approach to address zero-inflation /!'\

The Canadian Journal of Statistics
Vol. xx. No. yy, 2077, Pages 1-29

La revue canadienne de statistique

Distribution-free Models for Latent Mixed

Population Responses in a Longitudinal

Setting with Missing Data

BlindedA'* and BlindedB?
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lllustration of the example L

o y;1 — RNA-Seq counts for a single gene from multiple patients
yio — # of days showing a specific symptom during last month

@ T he models for the count and primary outcomes under a parametric
setup are

yii | pp~ ZIP(pp),

vio | mi,prri~Bin(mj, (L—ri)po+rip1),
0 if no transcription

{ 1 if transcription
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New definition of FRM - S

The mean and variance of the marginal ZIP and the mean of the
Binomial outcome are

E(yi) = (1-p)u
Var (yin) = (1—p)(1+pp)p
E(yi2) = pmipo+ (1—p)mip:
E (violgy,~00) = (1—=p)(1—e¥) mips

T T
) b= (hhnig )
T
(flr foi, B34, fﬁl:) (.)/ilv.)/lev)/:ﬁv)/I'QI{}/;‘1>O}) ,
(hiivhoi b ha)) T, 1<i<n, 1<t<m.
(1 ) h3; = pmipo + (1 —P) m;p1,
p(l—p)(Q+p), hi=(1—-p)(1—e)mjp
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@ Let u;, v;, and w; denote the covariates for the ZIP and Binomial
models. Then, the marginal models are

Vi1 ‘ HinP; ~ ZIP (Z’i;"pi) '

Yi2 ‘ mi, Pr;i, Fi =~ Bin (mf'- (1 — !’,‘) poi + rf'plf')
P 0 if no transcription for subject i
b 1 if transcription for subject /

- T T
|Og|t (p,') = U ﬁu' |Og (lui) = Vi ﬁv'
logit (poi) = w; Bo,,. logit (p1) = w; By,
@ Define f; and h; the same as in the homogeneous case, but expand

the model to include the above link functions to link p;, t;, po; and
p1; to the respective covariates. The FRM is

Eh lwviw) = b(). B=(B]Bl.BL.BL)

1 < 1 <nl<t<m
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Significance of modeling count data
Over-dispersion in cross-sectional counts

Over-dispersion in longitudinal counts
Comparison of two popular methods

Detection over-dispersion in longitudinal counts
Address missing data

Zero-inflation in cross sectional and longitudinal
counts

An example of future research projects
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Wild-type CD3 complex CD3:PRS

Notch1
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Ripley’s Lhat with Confidence Envelopes
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Motivating current collaborating project:

VOLUME 14 NUMBER 3 MARCH 2013 NATURE IMMUNOLOGY

Distinct TCR signaling pathways drive proliferation
and cytokine production in T cells

Clifford S Guy!, Kate M Vignalil, Jamshid TemirovZ, Matthew L Bettini!, Abigail E Overacrel,
Matthew Smeltzer?, Hui Zhang?, Johannes B Huppa?, Yu-Hwai Tsai®, Camille Lobry®, Jianming Xie’,
Peter ] Dempsey?, Howard C Crawford?, lannis Aifantis®, Mark M Davis’ & Dario A A Vignali!

b . Stlmulatory Anti-TCRp Non-StimuIatory' Anti-CD44
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VOLUME 15 | NUMBER 12 | DECEMBER 2012 NATURE NEUROSCIENCE
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Significance of modeling count data
Over-dispersion in cross-sectional counts

Over-dispersion in longitudinal counts
Comparison of two popular methods

Detection over-dispersion in longitudinal counts
Address missing data

Zero-inflation in cross sectional and longitudinal
counts

An example of future research projects



