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Abstract 
A research study collected intensive longitudinal data from cancer patients on 
a daily basis as well as non-intensive longitudinal survey data on a monthly 
basis. Although the daily data need separate analysis, those data can also be 
utilized to generate predictors of monthly outcomes. Alternatives for generat-
ing daily data predictors of monthly outcomes are addressed in this work. 
Analyses are reported of depression measured by the Patient Health Question-
naire 8 as the monthly survey outcome. Daily measures include numbers of 
opioid medications taken, numbers of pain flares, least pain levels, and worst 
pain levels. Predictors are averages of recent non-missing values for each daily 
measure recorded on or prior to survey dates for depression values. Weights 
for recent non-missing values are based on days between measurement of a 
recent value and a survey date. Five alternative averages are considered: aver-
ages with unit weights, averages with reciprocal weights, weighted averages 
with reciprocal weights, averages with exponential weights, and weighted av-
erages with exponential weights. Adaptive regression methods based on like-
lihood cross-validation (LCV) scores are used to generate fractional polyno-
mial models for possible nonlinear dependence of depression on each average. 
For all four daily measures, the best LCV score over averages of all types is 
generated using the average of recent non-missing values with reciprocal 
weights. Generated models are nonlinear and monotonic. Results indicate that 
an appropriate choice would be to assume three recent non-missing values 
and use the average with reciprocal weights of the first three recent non-
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1. Introduction 

Large amounts of repeated measures data collected for individuals over time 
are called intensive longitudinal data and are analyzed using time series meth-
ods [1]. However, those data can also be used to predict non-intensively col-
lected longitudinal outcomes for the same individuals. The Role of Opioid Ad-
herence Profiles in Cancer Pain Self-Management and Outcomes Study 
(1R01NR017853) examined the long-term effects of opioid use in cancer pa-
tients. This study collected both monthly survey data and intensive longitudi-
nal daily data on numbers of opioid medications taken and pain levels for pa-
tients. An important data analysis issue for research studies like this one is how 
best to integrate the intensive longitudinal daily data into analyses as predictors 
of the monthly outcome data. 

The purpose of this article is to assess alternatives for combining daily data into 
effective predictors of monthly outcomes through an analysis of a specific set of 
data. The example outcome for this assessment is depression as measured by the 
Patient Health Questionnaire (PHQ) 8 [2] collected on surveys at baseline and at 
approximately 1- , 2- , 3- , and 5-months post-baseline. Four measures are con-
sidered based on daily data reported by participants using an app: the number of 
opioid medications taken, the number of pain flares, the least pain level, and the 
worst pain level. These daily measures are considered as predictors of depression 
in cancer patients. 

Reported analyses consider nonlinear relationships, which can provide sub-
stantial improvements over standard linear relationships [3]. For this reason, frac-
tional polynomial modeling [4] [5] is considered in reported analyses to address 
possible nonlinearity in the relationship between monthly measured depression 
and daily measured predictors. 

2. Methods 
2.1. Measures 
2.1.1. The PHQ 8 
The PHQ 8 is a depression scale [6] based on eight items scored from 0 = Not at 
all to 3 = Nearly every day. It was tested on 1165 subjects reporting an average 
value of 8.63 with standard deviation 5.52 and Cronbach’s alpha 0.86. In the cur-
rent study, the PHQ 8 was collected at baseline and at approximate 1- , 2- , 3- , 
and 5-months post-baseline. 
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2.1.2. Daily Data 
Daily data during study participation are collected from participants using the 
mEMA app [7]. Four daily measures are collected for participants including the 
number of opioid medications taken, the number of pain flares, the least pain 
level, and the worst pain level. 

Participants report the number of opioid medications taken for each type they 
are currently taking, which are summed to generate the number of opioids taken 
of all types on a given day. The other three measures have values 0-10. For the 
number of pain flares, a value of 10 represents 10 or more pain flares. 

Daily data are not always reported on the same dates on which monthly data 
are collected. Also, there may be a limited number of daily measurements prior to 
the date on which monthly data are collected. For these reasons, incorporation of 
daily data into analyses of monthly data requires consideration of the possibility 
of missing prior daily measurements as well as how much earlier than a monthly 
collection date a daily measurement occurs. 

2.2. Data Analyses 

Depression level measured by the PHQ 8 is the longitudinal outcome for all re-
ported analyses. Depression levels are predicted using recent non-missing daily 
measurements, that is, those measured on the associated survey date or on days 
just prior to that date, for each of the four daily measures of Section 2.1.2. Only 
post-baseline depression levels are used in analyses due to insufficient daily data 
collected prior to baseline. Depression is analyzed using linear mixed models ac-
counting for exchangeable correlation and constant variance as used in standard 
repeated measures modeling. Predictors for mean depression are based on aver-
ages of recent non-missing daily measurements as described in Section 2.2.1, pos-
sibly power transformed with real-valued powers, that is, using fractional polyno-
mials. The four daily measures can have zero values which is problematic for com-
puting arbitrary power transforms, and so these measures are adjusted in reported 
analyses to have positive integer values by adding a value of 1 to the observed 
value. Models are evaluated using 10-fold likelihood cross-validation (LCV) 
scores as described in Section 2.2.2. Power transforms determining these models 
are generated adaptively using heuristic search through alternative powers as de-
scribed in Section 2.2.3. 

2.2.1. Averages of Recent Daily Measurements 
Let s  denote a participant and i  a post-baseline survey with values 2, 3, 4, and 
5 at approximate 1- , 2- , 3- , and 5-months post-baseline. Let ,s iy  denote the 
depression value for participant s  at survey i . For j  a positive integer, let 

, ,s i jx  denote the thj  most recent daily measurement for one of the four daily 
measures on or prior to the date of survey i  for participant s . Note that , ,s i jx  
are adjusted as described above to be positive integer-valued but can have missing 
values. Let ,s iJ  denote the number of non-missing , ,s i jx  at survey i  for par-
ticipant .s  Let , ,s i jd  denote the nonnegative number of days between the date 
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of survey i  for participant s  and the date of measurement of , ,s i jx . 
Restrict to surveys i  for participants s  satisfying , * 1s iJ J≥ >  for some 

minimal integer *J , that is, with at least *J  recent values that are non-missing. 
Consider the following possible means computed using the most recent non-miss-
ing daily measurements. For *1 k J≤ ≤ , the average of the k  most recent non-
missing daily measurements with unit weights satisfies 
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The average of the k  most recent non-missing weighted daily measurements 
with exponential weights 
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2.2.2. Likelihood Cross-Validation 
Denote by SI  the set of index pairs ,s i  for which depression levels ,s iy  have 
non-missing values and for which , *s iJ J≥ . Let m  denote the number of meas-
urements indexed by .SI  Participants s  can have missing depression values for 
some of the four post-baseline surveys i . For subsets SI ′  of SI , let ( )SI ′θ  de-
note the estimate of the parameter vector θ  for a specific linear mixed model for 
depression, including parameters for the mean, variance, and correlation compo-
nents. This estimate is obtained by maximizing the likelihood ( );f SI ′ θ  in θ . 
The likelihood is the standard multivariate normal density. 
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Randomly partition the set SI  into folds ( )SI h  of varying sizes for 
1 10h≤ ≤ . Arbitrary numbers of folds are possible, but reported analyses use 10 
folds. For 1 10h≤ ≤ , let 

( ) ( )1

h

h
U h SI h′=

′=


 

denote the union of all folds ( )SI h′  for 1 h h′≤ ≤  and ( )0U  the empty fold 
with likelihood set to 1. Define the 10-fold likelihood cross-validation score LCV 
as 

( ) ( ) ( )( )( )1
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h f SI h U h SI SI h
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is the conditional likelihood for the fold ( )SI h  conditioned on the union 
( )1U h −  of the prior folds computed with the parameter vector estimated using 

the data in the complement of the fold. This LCV definition accounts for the pos-
sibility of missing survey measurements for some participants. It is a geometric 
average of deleted fold likelihoods normalized by the number m  of measure-
ments. This definition extends readily to handle other likelihoods. The same ini-
tial seed is used in generating folds for models of the same data set so that associ-
ated LCV scores are comparable. 

A larger LCV score indicates a better model but not necessarily a substantially 
better model. LCV ratio tests (generalizing likelihood ratio tests) are used to assess 
whether models with larger LCV scores provide substantial improvements, or 
equivalently whether models with smaller LCV scores are substantially inferior. 
These tests are based on cutoffs for a substantial percent decrease (PD) in the LCV 
score for models with smaller scores compared to models with larger scores. This 
cutoff is computed using the 2χ  distribution and decreases with the number m  
of measurements. In reported analyses, cutoffs are computed using 1 degree of 
freedom and a significant level of 5%, but these choices can be adjusted. A detailed 
formulation is provided in Knafl (2023). LCV ratio tests are more conservative 
than standard tests for zero coefficients, that is, the removal from a model of a 
significant parameter using a standard test does not always result in a substantial 
PD in the LCV score. 

2.2.3. Adaptive Regression Modeling 
Adaptive regression modeling (for details see [3] [8]) is based on a heuristic search 
through power transforms of an arbitrary set of primary (untransformed) predic-
tors for modeling a variety of types of possibly correlated outcomes. A base model 
is systematically expanded adding in transforms. The expanded model is then sys-
tematically contracted by removing extraneous transforms and adjusting the pow-
ers of remaining transforms. LCV scores and tolerances for allowable decreases in 
the LCV score control the process. An LCV ratio test is used to set the tolerance 
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for stopping the contraction so that the removal of any one of the transforms from 
the final contracted model generates a substantial PD in the LCV score. The ex-
pansion can generate geometric combinations, that is, products of power trans-
forms of different primary predictors, generalizing standard interactions. The 
contraction considers removal of the intercept. 

The process can be applied to modeling the mean component of the model as 
well as the variance/dispersion component. It has recently been extended to han-
dle adaptive random effects/coefficient modeling of the covariance structure [9]. 
However, the full adaptive modeling process is not required to conduct reported 
analyses. For those analyses, only the mean component is modeled while assum-
ing exchangeable correlations and constant variances. Also, the mean component 
is modeled in terms of just one average of the five mean types defined in Section 
2.2.1. However, the adaptive modeling process considers models based on multi-
ple transforms of that average. 

Two subsets of the data are analyzed for each of the four daily measures of Sec-
tion 2.1.2: surveys with at least *J  recent non-missing daily measurements with 

* 3J =  and * 5J = . For each of these subsets, possible predictors are averages of 
k  most recent non-missing daily measurements for *1, 2, ,k J=   using each of 
the five mean types, and so 15 alternate averages for * 3J =  and 25 for * 5J = . 

All computations are conducted in SAS® Version 9.4 (SAS Institute Inc., Cary, 
NC). A SAS macro for conducting general adaptive modeling is available upon 
request from the first author (gknafl@unc.edu). 

3. Results 

This section provides results for analyses of depression in terms of the four daily 
measures of Section 2.1.2. Section 3.1 provides analyses using the number of opi-
oid medications taken, Section 3.2 analyses using the number of pain flares, Sec-
tion 3.3 analyses of the least pain level, and Section 3.4 analyses of the worst pain 
level. These analyses use either simple averages of weighted values, that is, nor-
malized by the number of measurements, or weighted averages, that is, normal-
ized by the sum of the weights. 

3.1. Analyses of Numbers of Opioid Medications Taken 
3.1.1. Means of Three Recent Non-Missing Numbers of Opioid  

Medications Taken 
For * 3J = , a total of 865 post-baseline depression values ,s iy  for 276 partici-
pants are non-missing with three recent non-missing numbers of opioid medica-
tions taken on or prior to the associated survey date. The cutoff for a substantial 
percent decrease (PD) in the LCV score is 0.22%. Fold sizes range from 60 to 115 
measurements for 83 to 96 participants. Since fold complements contain at least 
750 measurements, they should generate reliable parameter estimates for compu-
ting LCV scores. 

Table 1 contains generated adaptive models for depression and LCV scores for 
the five mean types averaging the three recent non-missing numbers of opioid  
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Table 1. Adaptive models for depression in terms of alternate types of means of three recent 
non-missing numbers of opioid medications takena. 

Mean type Weights 

Number 
most recent 

values 
averaged 

Power 
transforms of 

the meanb 

10-Fold 
LCV 
score 

PD for 
constant 
modelc 

PD versus 
bestd 

average 

unit 1 −0.01 0.057535 0.00% 0.95% 

 2 0.03 0.057543 0.02% 0.94% 

 3 0.06 0.057570 0.06% 0.89% 

average 

reciprocal 1 0.06 0.057988 0.78% 0.17% 

 2 0.07 0.058058 0.90% 0.05% 

 3 0.08 0.058088 0.96% 0.00% 

weighted 
average 

reciprocal 1 −0.01 0.057535 0.00% 0.95% 

 2 0.02 0.057535 0.00% 0.95% 

 3 0.02 0.057539 0.01% 0.95% 

average 

exponential 1 0, 0.09 0.057978 0.77% 0.19% 

 2 0, 0.09 0.058004 0.81% 0.14% 

 3 0, 0.1 0.057993 0.79% 0.16% 

weighted 
average 

exponential 1 −0.01 0.057535 0.00% 0.95% 

 2 0 0.057533 0.00% 0.96% 

 3 0.01 0.057534 0.00% 0.95% 

LCV: likelihood cross-validation; PD: percent decrease. aUsing data for 865 surveys of 276 par-
ticipants with 0.22% the cutoff for a substantial PD in the LCV score. Assuming exchangeable 
correlations and constant variances. bA power of 0 corresponds to an intercept. cUsing the con-
stant model with LCV score 0.057533. dCompared to model with the largest LCV score. 

 
medications taken. For each of the five mean types, associated powers for gener-
ated transforms are similar across the three averages of recent non-missing num-
bers of opioid medications taken. For the three cases of the average with unit 
weights ( 1, , ,s i km ), the weighted average with reciprocal weights ( 3, , ,s i km ), and the 
weighted average with exponential weights ( 5, , ,s i km ), depression is essentially con-
stant in that mean type for all three averages of recent non-missing numbers of 
opioid medications taken (i.e., the PD for the constant model is less than the cutoff 
0.22% for a substantial PD). For the other two cases of the average with reciprocal 
weights ( 2, , ,s i km ) and the average with exponential weights ( 4, , ,s i km ), depression 
is substantially non-constant in that mean type for all three averages of recent 
non-missing numbers of opioid medications taken. The average with reciprocal 
weights of three recent non-missing numbers of opioid medications taken gener-
ates the best overall LCV score of 0.058088. Competitive LCV scores are generated 
for averages with reciprocal or exponential weights for all three averages of recent 
non-missing numbers of opioid medications taken (i.e., the PD compared to the 
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best overall LCV score is less than or equal to the cutoff 0.22%). All models for 
these two cases are monotonic since they are either constant or based on a single 
power transform either with or without an intercept. 

Figure 1 contains the plot of estimated mean depression as a function of the aver-
age of the three recent non-missing numbers of opioid medications taken with recip-
rocal weights generating the best overall LCV score. Estimated mean depression in-
creases nonlinearly with larger values of this average. The estimated exchangeable 
correlation equals 0.70 while the estimated constant standard deviation equals 5.5. 

 

 
Figure 1. Estimated mean depression as a function of the average of the three recent non-
missing numbers of medications taken weighted with reciprocal weights. 

3.1.2. Means of Five Recent Non-Missing Numbers of Opioid Medications 
Taken 

For * 5J = , a total of 844 post-baseline depression values ,s iy  for 269 partici-
pants are non-missing with five recent non-missing numbers of opioid medica-
tions taken on or prior to the associated survey date. The cutoff for a substantial 
percent decrease (PD) in the LCV score is 0.23%. Fold sizes range from 59 to 112 
measurements for 51 to 93 participants. Since fold complements contain at least 
732 measurements, they should generate reliable parameter estimates for compu-
ting LCV scores. 

Table 2 contains generated adaptive models for depression and LCV scores for 
the five mean types averaging the five recent non-missing numbers of opioid 
medications taken. For each of the five mean types, the power transforms of the 
associated mean are similar across the five averages of recent non-missing num-
bers of opioid medications taken. For the three cases of the average with unit 
weights ( 1, , ,s i km ), the weighted average with reciprocal weights ( 3, , ,s i km ), and the 
weighted average with exponential weights ( 5, , ,s i km ), depression is essentially 
constant in that mean type for all five averages of recent non-missing numbers of  
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Table 2. Adaptive models for depression in terms of alternate types of means of five recent 
non-missing numbers of opioid medications takena. 

mean type weights 
number most 
recent values 

averaged 

power 
transforms of 

the meanb 

10-Fold 
LCV 
score 

PD for the 
constant 
modelc 

PD 
versus 
bestd 

average unit 

1 −0.02 0.057323 0.00% 0.77% 

2 0.03 0.057328 0.01% 0.77% 

3 0 0.057321 0.00% 0.78% 

4 0 0.057321 0.00% 0.78% 

5 0.05 0.057354 0.06% 0.72% 

average reciprocal 

1 0.05 0.057674 0.61% 0.17% 

2 0.07 0.057732 0.71% 0.07% 

3 0.07 0.057757 0.75% 0.02% 

4 0.07 0.057760 0.76% 0.02% 

5 0.08 0.057770 0.78% 0.00% 

weighted 
average 

reciprocal 

1 −0.02 0.057323 0.00% 0.77% 

2 0.01 0.057323 0.00% 0.77% 

3 0.02 0.057327 0.01% 0.77% 

4 0.03 0.057329 0.01% 0.76% 

5 0.03 0.057330 0.02% 0.76% 

average exponential 

1 0, 0.09 0.057714 0.68% 0.10% 

2 0, 0.09 0.057739 0.72% 0.05% 

3 0, 0.1 0.057723 0.70% 0.08% 

4 0, 0.1 0.057719 0.69% 0.09% 

5 0, 0.1 0.057706 0.67% 0.11% 

weighted 
average 

exponential 

1 −0.02 0.057323 0.00% 0.77% 

2 0 0.057321 0.00% 0.78% 

3 0.01 0.057321 0.00% 0.78% 

4 0.01 0.057321 0.00% 0.78% 

5 0.01 0.057321 0.00% 0.78% 

LCV: likelihood cross-validation; PD: percent decrease. aUsing data for 844 surveys of 269 
participants with 0.23% the cutoff for a substantial PD in the LCV score. Assuming ex-
changeable correlations and constant variances. bA power of 0 corresponds to an intercept. 
cUsing the constant model with LCV score 0.057321. dCompared to model with the largest 
LCV score. 

 
opioid medications taken. For the other two cases of the average with reciprocal 
weights ( 2, , ,s i km ) and the average with exponential weights ( 4, , ,s i km ), depression 
is substantially non-constant in that mean type for all five averages of recent non-
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missing numbers of opioid medications taken. The average with reciprocal 
weights of five recent non-missing numbers of opioid medications taken gener-
ates the best overall LCV score of 0.057770. Competitive LCV scores are generated 
for averages with reciprocal or exponential weights for all five averages of recent 
non-missing numbers of opioid medications taken. All models for these two cases 
are monotonic since they are either constant or based on a single power transform 
either with or without an intercept. 

Figure 2 contains the plot of estimated mean depression as a function of the 
average of the five recent non-missing numbers of opioid medications taken with 
reciprocal weights generating the best overall LCV score. Estimated mean depres-
sion increases nonlinearly with larger values of this average. The estimated ex-
changeable correlation equals 0.70 while the estimated constant standard devia-
tion equals 5.5. 

 

 
Figure 2. Estimated mean depression as a function of the average of the five recent non-
missing numbers of medications taken weighted with reciprocal weights. 

3.1.3. Comparison of Results for Means of Three and Five Recent  
Non-Missing Numbers of Opioid Medications Taken 

Averages of non-unit weighted recent non-missing numbers of opioid medica-
tions taken generate better models for depression than averages of unit weighted 
recent non-missing numbers of opioid medications taken and weighted averages 
of recent non-missing numbers of opioid medications taken. Reciprocal weights 
generate the best overall LCV scores but exponential weights generate competitive 
models. Results restricting to five recent non-missing numbers of opioid medica-
tions taken are similar to those restricting to three recent non-missing numbers 
of opioid medications taken. 
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3.2. Analyses of Numbers of Pain Flares 

3.2.1. Means of Three Recent Non-Missing Numbers of Pain Flares 
For * 3J = , a total of 970 post-baseline depression values ,s iy  for 298 partici-
pants are non-missing with three recent non-missing numbers of pain flares on 
or prior to the associated survey date. The cutoff for a substantial percent decrease 
(PD) in the LCV score is 0.20%. Fold sizes range from 63 to 121 measurements 
for 63 to 102 participants. Since fold complements contain at least 849 measure-
ments, they should generate reliable parameter estimates for computing LCV 
scores. 

Table 3 contains generated adaptive models for depression and LCV scores for 
the five mean types averaging the three recent non-missing numbers of pain 
flares. For each of the five mean types, associated powers for generated transforms 
are similar across the three averages of recent non-missing numbers of pain flares. 
For the four cases of the average with unit weights ( 1, , ,s i km ), the average with 
reciprocal weights ( 2, , ,s i km ), the average with exponential weights ( 4, , ,s i km ), and  

 
Table 3. Adaptive models for depression in terms of alternate types of means of three recent 
non-missing numbers of pain flaresa. 

mean type weights 
number most 
recent values 

averaged 

power 
transforms of 

the meanb 

10-Fold 
LCV 
score 

PD for the 
constant 
modelc 

PD 
versus 
bestd 

average unit 

1 0.07 0.059112 0.21% 1.08% 

2 0.09 0.059155 0.28% 1.01% 

3 0.11 0.059223 0.39% 0.90% 

average reciprocal 

1 0.07 0.059679 1.15% 0.13% 

2 0.08 0.059731 1.24% 0.05% 

3 0.09 0.059758 1.29% 0.00% 

weighted 
average 

reciprocal 

1 0.07 0.059112 0.21% 1.08% 

2 0.04 0.059035 0.08% 1.21% 

3 0.02 0.059004 0.02% 1.26% 

average exponential 

1 0, 0.21 0.059645 1.10% 0.19% 

2 0, 0.21 0.059637 1.08% 0.20% 

3 0, 0.2 0.059643 1.09% 0.19% 

weighted 
average 

exponential 

1 0.07 0.059112 0.21% 1.08% 

2 0.08 0.059137 0.25% 1.04% 

3 0.08 0.059124 0.23% 1.06% 

LCV: likelihood cross-validation; PD: percent decrease. aUsing data for 970 surveys of 298 
participants with 0.20% the cutoff for a substantial PD in the LCV score. Assuming ex-
changeable correlations and constant variances. bA power of 0 corresponds to an intercept. 
cUsing the constant model with LCV score 0.058990. dCompared to model with the largest 
LCV score. 
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the weighted average with exponential weights ( 5, , ,s i km ), depression is substan-
tially nonconstant in that mean type for all three averages of recent non-missing 
numbers of pain flares (i.e., the PD for the constant model is larger than the cutoff 
0.20% for a substantial PD). For the case of the weighted average with reciprocal 
weights ( 3, , ,s i km ), this only holds for the first most recent non-missing value but 
not for averages of the first two and three most recent non-missing values. The 
average with reciprocal weights of three recent non-missing numbers of pain 
flares generates the best overall LCV score of 0.059758. Competitive LCV scores 
are generated for averages with reciprocal or exponential weights for all three av-
erages of recent non-missing numbers of pain flares (i.e., the PD compared to the 
best overall LCV score is less than or equal the cutoff 0.20%). The other three 
mean types generate distinctly inferior models. All models for these two cases are 
monotonic since they are based on a single power transform either with or without 
an intercept. 

Figure 3 contains the plot of estimated mean depression as a function of the 
average of the three recent non-missing numbers of pain flares with reciprocal 
weights generating the best overall LCV score. Estimated mean depression in-
creases nonlinearly with larger values of this average. The estimated exchangeable 
correlation equals 0.70 while the estimated constant standard deviation equals 5.3. 

 

 
Figure 3. Estimated mean depression as a function of the average of the three recent non-
missing numbers of pain flares weighted with reciprocal weights. 

3.2.2. Means of Five Recent Non-Missing Numbers of Pain Flares 
For * 5J = , a total of 938 post-baseline depression values ,s iy  for 294 participants 
are non-missing with five recent non-missing numbers of pain flares on or prior to 
the associated survey date. The cutoff for a substantial percent decrease (PD) in the 
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LCV score is 0.20%. Fold sizes range from 60 to 119 measurements for 60 to 100 
participants. Since fold complements contain at least 819 measurements, they 
should generate reliable parameter estimates for computing LCV scores. 

Table 4 contains generated adaptive models for depression and LCV scores for 
the five mean types averaging the five recent non-missing numbers of pain flares.  

 
Table 4. Adaptive models for depression in terms of alternate types of means of five recent 
non-missing numbers of pain flaresa. 

mean type weights 
number most 
recent values 

averaged 

power 
transforms of 

the meanb 

10-Fold 
LCV 
score 

PD for the 
constant 
modelc 

PD 
versus 
bestd 

average unit 

1 0.07 0.059101 0.25% 0.95% 

2 0.1 0.059162 0.35% 0.85% 

3 0.12 0.059239 0.48% 0.72% 

4 0.13 0.059278 0.54% 0.65% 

5 0.13 0.059260 0.51% 0.68% 

average reciprocal 

1 0.06 0.059579 1.05% 0.15% 

2 0.07 0.059619 1.11% 0.08% 

3 0.08 0.059641 1.15% 0.04% 

4 0.09 0.059654 1.17% 0.02% 

5 0.09 0.059667 1.19% 0.00% 

weighted 
average 

reciprocal 

1 0.07 0.059101 0.25% 0.95% 

2 0.05 0.059018 0.11% 1.09% 

3 0.03 0.058978 0.04% 1.15% 

4 0.01 0.058960 0.01% 1.18% 

5 0 0.058955 0.00% 1.19% 

average exponential 

1 0, 0.21 0.059435 0.81% 0.39% 

2 0, 0.21 0.059428 0.80% 0.40% 

3 0, 0.22 0.059418 0.78% 0.42% 

4 0, 0.2 0.059440 0.82% 0.38% 

5 0, 0.2 0.059437 0.81% 0.39% 

weighted 
average 

exponential 

1 0.07 0.059101 0.25% 0.95% 

2 0.08 0.059116 0.27% 0.92% 

3 0.08 0.059099 0.24% 0.95% 

4 0.08 0.059093 0.23% 0.96% 

5 0.08 0.059095 0.24% 0.96% 

LCV: likelihood cross-validation; PD: percent decrease. aUsing data for 938 surveys of 294 
participants with 0.20% the cutoff for a substantial PD in the LCV score. Assuming ex-
changeable correlations and constant variances. bA power of 0 corresponds to an intercept. 
cUsing the constant model with LCV score 0.058955. dCompared to model with the largest 
LCV score. 
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For each of the five mean types, associated powers for generated transforms are 
similar across the five averages of recent non-missing numbers of pain flares. For 
the four cases of the average with unit weights ( 1, , ,s i km ), the average with recipro-
cal weights ( 2, , ,s i km ), the average with exponential weights ( 4, , ,s i km ), and the 
weighted average with exponential weights ( 5, , ,s i km ), depression is substantially 
nonconstant in that mean type for all five averages of recent non-missing numbers 
of pain flares (i.e., the PD for the constant model is larger than the cutoff 0.20% 
for a substantial PD). For the case of the weighted average with reciprocal weights 
( 3, , ,s i km ), this only holds for the first most recent non-missing value but not for 
averages of the first two to five most recent non-missing values. The average with 
reciprocal weights of five recent non-missing numbers of pain flares generates the 
best overall LCV score of 0.059667. Competitive LCV scores are generated for the 
average with reciprocal weights for all five averages of recent non-missing num-
bers of pain flares (i.e., the PD compared to the best overall LCV score is less than 
or equal the cutoff 0.20%). The other four mean types generate distinctly inferior 
models. All models for these two cases are monotonic since they are either con-
stant or based on a single power transform either with or without an intercept. 

Figure 4 contains the plot of estimated mean depression as a function of the av-
erage of the five recent non-missing numbers of pain flares with reciprocal weights 
generating the best overall LCV score. Estimated mean depression increases non-
linearly with larger values of this average. The estimated exchangeable correlation 
equals 0.70 while the estimated constant standard deviation equals 5.3. 

3.2.3. Comparison of Results for Means of Three and Five Recent  
Non-Missing Numbers of Pain Flares 

Averages of non-unit weighted recent non-missing numbers of pain flares gener-
ate better models for depression than averages of unit weighted recent non-miss-
ing numbers of pain flares and weighted averages of recent non-missing numbers 
of pain flares. Reciprocal weights generate the best overall LCV scores. Results 
restricting to five recent non-missing numbers of pain flares are similar to those 
restricting to three recent non-missing numbers of pain flares with one exception. 
Averages with exponential weights generate competitive models for means of the 
three recent non-missing numbers of pain flares but not for means of the five re-
cent non-missing numbers of pain flares. 

3.3. Analyses of Numbers of Least Pain Levels 
3.3.1. Means of Three Recent Non-Missing Least Pain Levels 
For * 3J = , a total of 970 post-baseline depression values ,s iy  for 298 partici-
pants are non-missing with three recent non-missing least pain levels on or prior 
to the associated survey date. The cutoff for a substantial percent decrease (PD) 
in the LCV score is 0.20%. Fold sizes range from 63 to 121 measurements for 63 
to 102 participants. Since fold complements contain at least 849 measurements, 
they should generate reliable parameter estimates for computing LCV scores. 

Table 5 contains generated adaptive models for depression and LCV scores for  
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Figure 4. Estimated mean depression as a function of the average of the five recent non-
missing numbers of pain flares weighted with reciprocal weights. 

 
Table 5. Adaptive models for depression in terms of alternate types of means of three recent 
non-missing least pain levelsa. 

mean type weights 
number most 
recent values 

averaged 

power 
transforms of 

the meanb 

10-Fold 
LCV 
score 

PD for 
the 

constant 
modelc 

PD versus 
bestd 

average unit 

1 0.05 0.059527 0.10% 0.80% 

2 0.07 0.059560 0.15% 0.74% 

3 0.09 0.059603 0.22% 0.67% 

average reciprocal 

1 0.06 0.059967 0.83% 0.06% 

2 0.06 0.059989 0.87% 0.03% 

3 0.07 0.060006 0.89% 0.00% 

weighted 
average 

reciprocal 

1 0.05 0.059527 0.10% 0.80% 

2 0.02 0.059479 0.02% 0.88% 

3 −0.01 0.059466 -- 0.90% 

average exponential 

1 0, 0.4 0.059921 0.75% 0.14% 

2 0, 0.5 0.059917 0.75% 0.15% 

3 0, 0.4 0.059927 0.76% 0.13% 

weighted 
average 

exponential 

1 0.05 0.059527 0.10% 0.80% 

2 0.06 0.059539 0.12% 0.78% 

3 0.06 0.059544 0.12% 0.77% 

LCV: likelihood cross-validation; PD: percent decrease. aUsing data for 982 surveys of 299 
participants with 0.20% the cutoff for a substantial PD in the LCV score. Assuming ex-
changeable correlations and constant variances. bA power of 0 corresponds to an intercept. 
cUsing the constant model with LCV score 0.059470. dCompared to model with the largest 
LCV score. 
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the five mean types averaging the three recent non-missing least pain levels. For 
each of the five mean types, associated powers for generated transforms are sim-
ilar across the three averages of recent non-missing least pain levels. For the two 
cases of the average with reciprocal weights ( 2, , ,s i km ) and the average with expo-
nential weights ( 4, , ,s i km ), depression is substantially nonconstant in that mean 
type for all three averages of recent non-missing least pain levels (i.e., the PD 
for the constant model is larger than the cutoff 0.20% for a substantial PD). For 
the case of the average with unit weights ( 1, , ,s i km ), this only holds for the first 
most recent non-missing value but not for averages of the first two and three 
most recent non-missing values. For the two cases of the weighted average with 
reciprocal weights ( 3, , ,s i km ) and the weighted average with exponential weights 
( 5, , ,s i km ), depression is essentially constant in that mean type for all three aver-
ages. The average with reciprocal weights of three recent non-missing least pain 
levels generates the best overall LCV score of 0.060006. Competitive LCV scores 
are generated for averages with reciprocal or exponential weights for all three 
averages of recent non-missing least pain levels (i.e., the PD compared to the 
best overall LCV score is less than or equal the cutoff 0.20%). The other three 
mean types generate distinctly inferior models. All models for these two cases 
are monotonic since they are based on a single power transform either with or 
without an intercept. 

Figure 5 contains the plot of estimated mean depression as a function of the 
average of the three recent non-missing least pain levels with reciprocal weights 
generating the best overall LCV score. Estimated mean depression increases non-
linearly with larger values of this average. The estimated exchangeable correlation 
equals 0.71 while the estimated constant standard deviation equals 5.4. 

 

 
Figure 5. Estimated mean depression as a function of the average of the three recent non-
missing least pain levels weighted with reciprocal weights. 
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3.3.2. Means of Five Recent Non-Missing Least Pain Levels 
For * 5J = , a total of 954 post-baseline depression values ,s iy  for 296 partic-
ipants are non-missing with five recent non-missing least pain levels on or 
prior to the associated survey date. The cutoff for a substantial percent decrease 
(PD) in the LCV score is 0.20%. Fold sizes range from 73 to 121 measurements 
for 63 to 105 participants. Since fold complements contain at least 833 meas-
urements, they should generate reliable parameter estimates for computing 
LCV scores. 

Table 6 contains generated adaptive models for depression and LCV scores for 
the five mean types averaging the five recent non-missing least pain levels. For 
each of the five mean types, associated powers for generated transforms are simi-
lar across the five averages of recent non-missing least pain levels. For the two 
cases of the average with reciprocal weights ( 2, , ,s i km ) and the average with expo-
nential weights ( 4, , ,s i km ), depression is substantially nonconstant in that mean 
type for all five averages of recent non-missing least pain levels (i.e., the PD for 
the constant model is larger than the cutoff 0.20% for a substantial PD). For the 
case of the average with unit weights ( 1, , ,s i km ), this only holds for the averages of 
the first one and two most recent non-missing values but not for averages of the 
first three to five most recent non-missing values. For the two cases of the 
weighted average with reciprocal weights ( 3, , ,s i km ) and the weighted average with 
exponential weights ( 5, , ,s i km ), depression is essentially constant in that mean type 
for all five averages. The average with reciprocal weights of three recent non-miss-
ing least pain levels generates the best overall LCV score of 0.059917. Competitive 
LCV scores are generated for averages with reciprocal or exponential weights for 
all five averages of recent non-missing least pain levels (i.e., the PD compared to 
the best overall LCV score is less than or equal the cutoff 0.20%). The other three 
mean types generate distinctly inferior models. All models for these two cases are 
monotonic since they are either constant or based on a single power transform 
either with or without an intercept. 

Figure 6 contains the plot of estimated mean depression as a function of the 
average of the five recent non-missing least pain levels with reciprocal weights 
generating the best overall LCV score. Estimated mean depression increases non-
linearly with larger values of this average. The estimated exchangeable correlation 
equals 0.71 while the estimated constant standard deviation equals 5.4. 

3.3.3. Comparison of Results for Means of Three and Five Recent  
Non-Missing Least Pain Levels 

Averages of non-unit weighted recent non-missing least pain levels generate 
better models for depression than averages of unit weighted recent non-missing 
least pain levels and weighted averages of recent non-missing least pain levels. 
Reciprocal weights generate the best overall LCV scores but exponential weights 
generate competitive models. Results restricting to five recent non-missing least 
pain levels are similar to those restricting to three recent non-missing least pain 
levels. 
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Table 6. Adaptive models for depression in terms of alternate types of means of five recent 
non-missing least pain levelsa. 

mean type weights 
number most 
recent values 

averaged 

power 
transforms of 

the meanb 

10-Fold 
LCV 
score 

PD for the 
constant 
modelc 

PD 
versus 
bestd 

average unit 

1 0.05 0.059518 0.08% 0.67% 

2 0.06 0.059544 0.13% 0.62% 

3 0.09 0.059602 0.22% 0.53% 

4 0.1 0.059606 0.23% 0.52% 

5 0.11 0.059652 0.31% 0.44% 

average reciprocal 

1 0.05 0.059886 0.70% 0.05% 

2 0.06 0.059893 0.71% 0.04% 

3 0.06 0.059910 0.74% 0.01% 

4 0.07 0.059907 0.73% 0.02% 

5 0.07 0.059917 0.75% 0.00% 

weighted 
average 

reciprocal 

1 0.05 0.059518 0.08% 0.67% 

2 0.02 0.059473 0.01% 0.74% 

3 0 0.059468 0.00% 0.75% 

4 0 0.059468 0.00% 0.75% 

5 0 0.059468 0.00% 0.75% 

average exponential 

1 0, 0.4 0.059799 0.55% 0.20% 

2 0, 0.5 0.059812 0.58% 0.18% 

3 0, 0.5 0.059821 0.59% 0.16% 

4 0, 0.5 0.059823 0.59% 0.16% 

5 0, 0.5 0.059821 0.59% 0.16% 

weighted 
average 

exponential 

1 0.05 0.059518 0.08% 0.67% 

2 0.05 0.059526 0.10% 0.65% 

3 0.06 0.059529 0.10% 0.65% 

4 0.06 0.059529 0.10% 0.65% 

5 0.06 0.059531 0.11% 0.64% 

LCV: likelihood cross-validation; PD: percent decrease. aUsing data for 954 surveys of 296 
participants with 0.20% the cutoff for a substantial PD in the LCV score. Assuming ex-
changeable correlations and constant variances. bA power of 0 corresponds to an intercept. 
cUsing the constant model with LCV score 0.059468. dCompared to model with the largest 
LCV score. 

3.4. Analyses of Numbers of Worst Pain Levels 
3.4.1. Means of Three Recent Non-Missing Worst Pain Levels 
For * 3J = , a total of 990 post-baseline depression values ,s iy  for 301 participants  
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Figure 6. Estimated mean depression as a function of the average of the five recent non-
missing least pain levels weighted with reciprocal weights. 

 
are non-missing with three recent non-missing worst pain levels on or prior to 
the associated survey date. The cutoff for a substantial percent decrease (PD) in 
the LCV score is 0.19%. Fold sizes range from 63 to 121 measurements for 60 to 
110 participants. Since fold complements contain at least 869 measurements, they 
should generate reliable parameter estimates for computing LCV scores. 

Table 7 contains generated adaptive models for depression and LCV scores for 
the five mean types averaging the three recent non-missing worst pain levels. For 
each of the five mean types, associated models are based on a single transform 
across the three averages of recent non-missing worst pain levels with two excep-
tions. For the three cases of the average with reciprocal weights ( 2, , ,s i km ), the 
average with exponential weights ( 4, , ,s i km ), and the weighted average with expo-
nential weights ( 5, , ,s i km ), models for all three averages of recent non-missing 
worst pain levels are based on a single transform. For the two cases of the average 
with unit weights ( 1, , ,s i km ) and the weighted average with reciprocal weights 
( 3, , ,s i km ), the model for the average of the first two most recent non-missing values 
is based on two transforms while models for the other two averages are based on 
a single transform. For each of the five mean types, depression is substantially 
nonconstant in that mean type for all three averages of recent non-missing worst 
pain levels (i.e., the PD for the constant model is larger than the cutoff 0.19% for 
a substantial PD). The average with reciprocal weights of three recent non-missing 
worst pain levels generates the best overall LCV score of 0.059649. Competitive 
LCV scores are generated for averages with reciprocal weights for all three aver-
ages of recent non-missing worst pain levels (i.e., the PD compared to the best 
overall LCV score is less than or equal the cutoff 0.19%). The other four mean 
types generate distinctly inferior models. All models for averages with reciprocal  

https://doi.org/10.4236/ojs.2024.145022


G. J. Knafl et al. 
 

 

DOI: 10.4236/ojs.2024.145022 511 Open Journal of Statistics 
 

Table 7. Adaptive models for depression in terms of alternate types of means of three recent 
non-missing worst pain levelsa. 

mean type weights 
number most 
recent values 

averaged 

power 
transforms of 

the meanb 

10-Fold 
LCV 
score 

PD for the 
constant 
modelc 

PD 
versus 
bestd 

average unit 

1 0.12 0.059223 0.46% 0.71% 

2 9, 0.08 0.059419 0.79% 0.39% 

3 0.16 0.059265 0.53% 0.64% 

average reciprocal 

1 0.06 0.059608 1.10% 0.07% 

2 0.07 0.059643 1.16% 0.01% 

3 0.08 0.059649 1.17% 0.00% 

weighted 
average 

reciprocal 

1 0.12 0.059223 0.46% 0.71% 

2 0.08 0.059079 0.21% 0.96% 

3 2.6, 0.13 0.059159 0.35% 0.82% 

average exponential 

1 0, 2.5 0.059487 0.90% 0.27% 

2 0, 0.5 0.059470 0.87% 0.30% 

3 0, 0.4 0.059476 0.88% 0.29% 

weighted 
average 

exponential 

1 0.12 0.059223 0.46% 0.71% 

2 0.13 0.059254 0.51% 0.66% 

3 0.12 0.059236 0.48% 0.69% 

LCV: likelihood cross-validation; PD: percent decrease. aUsing data for 990 surveys of 301 
participants with 0.19% the cutoff for a substantial PD in the LCV score. Assuming ex-
changeable correlations and constant variances. bA power of 0 corresponds to an intercept. 
cUsing the constant model with LCV score 0.058952. dCompared to model with the largest 
LCV score. 

 
weights are monotonic since they are based on a single power transform either 
with or without an intercept. The two models based on two power transforms are 
distinctly inferior but suggest the possibility of non-monotonicity. Figure 7 con-
tains the plot of estimated mean depression for the model based on the average of 
the first two most recent non-missing values with unit weights and the larger LCV 
score. Even though it is based on two transforms, the generated curve is still mon-
otonic. 

Figure 8 contains the plot of estimated mean depression as a function of the 
average of the three recent non-missing worst pain levels with reciprocal weights 
generating the best overall LCV score. Estimated mean depression increases non-
linearly with larger values of this average. The estimated exchangeable correlation 
equals 0.70 while the estimated constant standard deviation equals 5.4. 

3.4.2. Means of Five Recent Non-Missing Worst Pain Levels 
For * 5J = , a total of 954 post-baseline depression values ,s iy  for 296 partici-
pants are non-missing with five recent non-missing worst pain levels on or prior  
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Figure 7. Estimated mean depression as a function of the unit-weighted average of the two 
most recent non-missing worst pain levels. 

 

 

Figure 8. Estimated mean depression as a function of the average of the three recent non-
missing worst pain levels weighted with reciprocal weights. 

 
to the associated survey date. The cutoff for a substantial percent decrease (PD) 
in the LCV score is 0.20%. Fold sizes range from 73 to 121 measurements for 63 
to 105 participants. Since fold complements contain at least 833 measurements, 
they should generate reliable parameter estimates for computing LCV scores. 

Table 8 contains generated adaptive models for depression and LCV scores for 
the five mean types averaging the five recent non-missing worst pain levels. For 
each of the five mean types, associated models are based on a single transform  
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Table 8. Adaptive models for depression in terms of alternate types of means of five recent 
non-missing worst pain levelsa. 

mean type weights 
number most 
recent values 

averaged 

power 
transforms of 

the meanb 

10-Fold 
LCV 
score 

PD for the 
constant 
modelc 

PD 
versus 
bestd 

average unit 

1 8, 0.06 0.059107 0.88% 0.27% 

2 9, 0.09 0.059178 1.00% 0.15% 

3 0.17 0.058915 0.56% 0.59% 

4 0.18 0.058943 0.61% 0.55% 

5 0.2 0.059013 0.73% 0.43% 

average reciprocal 

1 0.06 0.059218 1.07% 0.08% 

2 0.07 0.059238 1.10% 0.05% 

3 0.08 0.059238 1.10% 0.05% 

4 0.08 0.059247 1.12% 0.03% 

5 0.09 0.059266 1.15% 0.00% 

weighted 
average 

reciprocal 

1 8, 0.06 0.059107 0.88% 0.27% 

2 0.09 0.058720 0.23% 0.92% 

3 0.1, 2.9 0.058779 0.33% 0.82% 

4 2.2, 0.14 0.058865 0.48% 0.68% 

5 1.9, 0.14 0.058909 0.55% 0.60% 

average exponential 

1 0, 3 0.059236 1.10% 0.05% 

2 0, 1.5 0.059199 1.04% 0.11% 

3 0, 1.5 0.059201 1.04% 0.11% 

4 0, 1.5 0.059195 1.03% 0.12% 

5 0, 1.5 0.059196 1.03% 0.12% 

weighted 
average 

exponential 

1 8, 0.06 0.059107 0.88% 0.27% 

2 0.12 0.058898 0.53% 0.62% 

3 0.13 0.058881 0.50% 0.65% 

4 0.12 0.058867 0.48% 0.67% 

5 0.12 0.058871 0.49% 0.67% 

LCV: likelihood cross-validation; PD: percent decrease. a Using data for 968 surveys of 300 
participants with 0.20% the cutoff for a substantial PD in the LCV score. Assuming ex-
changeable correlations and constant variances. bA power of 0 corresponds to an intercept. 
cUsing the constant model with LCV score 0.058585. dCompared to model with the largest 
LCV score. 

 
across the five averages of recent non-missing worst pain levels with seven ex-
ceptions. For the two cases of the average with reciprocal weights ( 2, , ,s i km ) and 
the average with exponential weights ( 4, , ,s i km ), models for all five averages of 
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recent non-missing worst pain levels are based on a single transform. For the 
two cases of the average with unit weights ( 1, , ,s i km ) and the weighted average 
with reciprocal weights ( 3, , ,s i km ), the model for the average of the first two most 
recent non-missing values is based on two transforms. For the weighted average 
with reciprocal weights ( 3, , ,s i km ), all but the average of two most recent non-
missing worst pain levels are based on two transforms. For the weighted average 
with exponential weights ( 5, , ,s i km ), the first most recent non-missing worst pain 
level is based on two transforms. For each of the five mean types, depression is 
substantially nonconstant in that mean type for all five averages of recent non-
missing worst pain levels (i.e., the PD for the constant model is larger than the 
cutoff 0.20% for a substantial PD). The average with reciprocal weights of five 
recent non-missing worst pain levels generates the best overall LCV score of 
0.059266. Competitive LCV scores are generated for averages with reciprocal 
weights and for averages with exponential weights for all five averages of recent 
non-missing worst pain levels (i.e., the PD compared to the best overall LCV 
score is less than or equal the cutoff 0.20%). The other three mean types generate 
distinctly inferior models with one exception: the average of two most recent 
non-missing worst pain levels with unit weights. All models for averages of re-
ciprocal and exponential weights are monotonic since they are based on a single 
power transform either with or without an intercept. Six of the seven models 
based on two power transforms are distinctly inferior. The exception is the av-
erage of two most recent non-missing worst pain levels with unit weights, which 
also generates the best LCV score for the seven models based on two transforms. 
The plot generated by this model is similar to that of Figure 7 and so has not 
been displayed. However, even though it is based on two transforms, the gener-
ated curve is still monotonic. 

Figure 9 contains the plot of estimated mean depression as a function of the 
average of the five recent non-missing worst pain levels with reciprocal weights 
generating the best overall LCV score. Estimated mean depression increases non-
linearly with larger values of this average. The estimated exchangeable correlation 
equals 0.70 while the estimated constant standard deviation equals 5.4. 

3.4.3. Comparison of Results for Means of Three and Five  
Non-Missing Worst Pain Levels 

Averages of non-unit weighted recent non-missing worst pain levels generate bet-
ter models for depression than averages of unit weighted recent non-missing 
worst pain levels and weighted averages of recent non-missing worst pain levels. 
Reciprocal weights generate the best overall LCV scores. Results restricting to five 
recent non-missing worst pain levels are similar to those restricting to three non-
missing recent non-missing worst pain levels with two exceptions. Exponential 
weights generate competitive models for five recent non-missing worst pain levels 
but not for three recent non-missing worst pain levels. Also, more models are 
based on two transforms for five recent non-missing worst pain levels than for 
three recent non-missing worst pain levels. 
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Figure 9. Estimated mean depression as a function of the average of the five recent non-
missing worst pain levels weighted with reciprocal weights. 

4. Discussion 

Analyses were conducted of post-baseline survey data on depression measured by 
the PHQ 8 using linear mixed models assuming constant variances and exchange-
able correlations. Mean depression was modeled in terms of four measures col-
lected on a daily basis including the number of opioids taken, the number of pain 
flares, the least pain level, and the worst pain level. Each of these four daily 
measures was incorporated into analyses of mean depression using averages of 
recent non-missing daily values, that is, measurements on or prior to the associ-
ated survey date. Five types of averages were considered including averages with 
unit weights, averages with reciprocal weights, weighted averages with reciprocal 
weights, averages with exponential weights, and weighted averages with exponen-
tial weights. Nonlinearity in each of these averages was addressed using fractional 
polynomials, that is, power transforms with real-valued powers. Fractional poly-
nomials were identified using adaptive regression modeling based on heuristic 
search controlled by likelihood cross-validation (LCV) scores. LCV ratio tests 
were used to identify substantial changes in LCV scores. A comparison was con-
ducted of results for averages assuming five non-missing recent values with those 
assuming three recent non-missing values. 

Results of analyses indicate that, for all four daily measures, averages of non-
unit weighted recent non-missing values generated better models for mean de-
pression than averages of unit weighted recent non-missing values and weighted 
averages of recent non-missing values. Most models were based on a single 
power transform of an average of recent non-missing values sometimes with an 
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intercept and sometimes without, indicating that mean depression depended 
monotonically on those averages. Otherwise, models were based on two power 
transforms of averages of recent non-missing values without an intercept, but 
mean depression also depended monotonically on those averages. For all four 
daily measures, averages of reciprocal weighted recent non-missing values gen-
erated the best overall LCV scores. Mean depression under these models in-
creased nonlinearly with increases in averages of reciprocal weighted recent 
non-missing values. Averages of exponential weighted recent non-missing val-
ues generated competitive LCV scores with two exceptions. This did not hold 
for averages based on three recent non-missing numbers of pain flares and for 
averages based on three recent non-missing pain worst levels. For the number 
of opioids taken and the least pain level, results restricting to five recent non-
missing values were similar to those restricting to three recent non-missing val-
ues. This also held in most cases for the other two daily measures with excep-
tions related to the effects of exponential weights and related to numbers of 
models with multiple power transforms. These exceptions did not provide sub-
stantial support for considering averages of five recent non-missing values over 
averages of three recent non-missing values. 

Reported analyses addressed only the special case of predicting depression for 
cancer patients. However, the analysis approach can be effectively applied to a 
wide variety of monthly outcomes for any type of patients. The analyses consid-
ered only the effects of averages of recent daily data on a monthly outcome, but 
adaptive regression methods can be applied to identify more general sets of pos-
sible predictors including averages of recent daily data among others. 

Averages are a natural choice for combining recent daily measurements into 
predictors of monthly outcomes and the five averages considered in reported anal-
yses provided for an effective set of alternatives. However, the results were limited 
by the fact that more general combinations were possible but not considered, for 
example, more general linear and geometric averages of recent measurements. Fu-
ture research is needed to address such more general averages. 

5. Conclusion 

In summary, results reported in Section 3 supported the conclusion that an effec-
tive way to incorporate an intensive longitudinal measure as a predictor of a non-
intensive longitudinal outcome is to use the average of the three most recent non-
missing values for that intensive longitudinal measure weighting those recent 
non-missing values using reciprocal weights computed using the number of days 
between measurement of the daily measure and of the outcome. For the daily 
measures used in reported analyses, insufficient values were collected to compute 
recent non-missing averages for baseline outcome values, and so analyses ad-
dressed only post-baseline outcome values. A preferable approach when designing 
studies collecting both intensive and non-intensive data would be to postpone the 
collection of non-intensive data until after sufficient intensive longitudinal data 
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were collected so that baseline non-intensive outcome values can be addressed in 
analyses. 
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