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Setup

Packages used

if (!require("pacman", quietly = TRUE)) {
install.packages("pacman")

}

pacman: :p_load(
tidyverse, # Used for basic data handling and visualization.
RColorBrewer, #Color palettes for data visualization.
tablel, #Used to add lables to variables.
gridExtra, #Used to arrange multiple ggplots in a grid.
grid, #Used to arrange multiple ggplots in a grid.
CBPS, #Used to calculate non-parametric propensity scores for IPW.
WeightIt, #Used to calculate weights from propensity scores for IPW.
mgcv, #Used to model non-linear relationships with a general additive model.
gt, #Used to present a summary of the results of tables.
gratia, #Used together with gglopt2 to create smooth partial effects plot

# from gam models.

metR, # Used to plot predictions of Sp02.
report #Used to cite packages used in this session.

Session and package dependencies

R version 4.3.3 (2024-02-29 ucrt)
Platform: x86_64-w64-mingw32/x64 (64-bit)
Running under: Windows 11 x64 (build 22631)

Matrix products: default

locale:

[1] LC_COLLATE=Spanish_Mexico.utf8 LC_CTYPE=Spanish_Mexico.utf8
[3] LC_MONETARY=Spanish_Mexico.utf8 LC_NUMERIC=C

[6] LC_TIME=Spanish_Mexico.utf8

time zone: Europe/Berlin
tzcode source: internal



attached base packages:

[1] grid stats
[8] base

other attached packages:

[1]

[4]

[7]
[10]
[13]
[16]
[19]
[22]
[25]
[28]

report_0.5.8
gt_0.10.1
WeightIt_1.0.0
Matrix_1.6-5
MatchIt_4.5.5
tablel_1.4.3
forcats_1.0.0
purrr_1.0.2
tibble_3.2.1
pacman_0.5.1

graphics

metR_0.15.0
mgcv_1.9-1
CBPS_0.23
numDeriv_2016.8-1.1
MASS_7.3-60.0.1
RColorBrewer_1.1-3
stringr_1.5.1
readr_2.1.5
ggplot2_3.5.0

grDevices datasets utils

gratia_0.8.2
nlme_3.1-164
glmnet _4.1-8
nnet_7.3-19
gridExtra_2.3
lubridate_1.9.3
dplyr_1.1.4
tidyr_1.3.1
tidyverse_2.0.0

methods



Model Sp02

The SpO2 variable does not have a normal distribution. Furthermore, the distance between
1% increases in SpO2 cannot be considered equidistant increases since values are determined
from the S-shaped curve of hemoglobin saturation. This is the reason why the distribution of
SpO2 is negatively skewed, with upper values reaching the saturation point of the hemoglobin
curve.

Therefore, modelling SpO2 as a linear term could be potentially misleading. Nonetheless, a
model assuming a gaussian distribution for SpO2 may potentially be easier to understand and
communicate.

Thus, I first created model SpO2 assuming a gaussian distribution and then applied a frac-
tional regression model which is more appropriate for the distribution of this variable. The
rationale for this was that if conclusions were not different with both models, presenting a
model assuming a gaussian distribution would have been easier to understand and communi-
cate. However, since conclusions were indeed different, I will present the results for the more
appropriate fractional regression model.

As alast note, I first assessed the relationships between variables without removing any outliers.
Examination of residuals showed that there were some influential outliers having an impact on
the models. Thus, I decided to remove a total of 7 outliers only for the SpO2 models shown
here (3 for the SpO2 ~ BMI relationship and 4 for SpO2 ~ atelectasis percent). This document
presents the results of analyses after removing outliers. This code can be readapted to run all
analyses without the removal of outliers.

Fractional regression model
Convert SpO2 to fractional values between 0 and 1 to model.

data <- data %>% mutate(spo2_fraction = spo2_VP0/100)

Empty model

First, I will fit an empty model

BMI smooth term and residuals
Model with a smooth BMI term as the only explanatory variable.

Since we are now using a different family function (quasibinomial with logit link) and we are no
longer assuming a Gaussian distribution (which was done in figure 1 for an initial impression
of the relationship between variables), it is important to determine the k value that offers the



best representation of the change in the outcome variable with this function. I checked this by
varying the value of k in the following code and k=8* offered the best visual representation
with the largest increase in deviance explained and optimal k-index. While varying k, it will
be noted that the highest edf occurs at k=8. This can be replicated by varying the value of k
in the following code:

k! edf k-index p-value
s(BMI) 7 4.967787 1.102615 0.9425

Family: quasibinomial
Link function: logit

Formula:
spo2_fraction ~ s(BMI, k = 8)

Parametric coefficients:
Estimate Std. Error t value Pr(>|t|)
(Intercept) 2.98458 0.03212 92.92 <2e-16 *xx*

Signif. codes: O 'x*x' 0.001 'xx' 0.01 'x' 0.05 '.' 0.1 ' ' 1

Approximate significance of smooth terms:
edf Ref.df F p-value
s(BMI) 4.968 5.829 21.79 <2e-16 *x*x

Signif. codes: O 'xxx' 0.001 'xx' 0.01 'x' 0.05 '.' 0.1 ' ' 1
R-sq.(adj) = 0.386 Deviance explained = 34.1%
GCV = 0.010718 Scale est. = 0.010826 n = 236
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(score 0.01071767 & scale 0.0108264) .
Hessian positive definite, eigenvalue range [2.025108e-05,2.025108e-05].
Model rank = 8 / 8

Basis dimension (k) checking results. Low p-value (k-index<1) may
indicate that k is too low, especially if edf is close to k'.

k' edf k-index p-value
s(BMI) 7.00 4.97 1.1 0.94

There are influential residuals. Will assess which of these could be removed according to Cook’s
distance.

data %>%
mutate (
cooksd = cooks.distance(model BMI),
outlier = ifelse(cooksd < 4/nrow(data), "keep","delete")
) >
filter(outlier=="delete") %>%
dplyr::select(ID,BMI,spo2_VPO,cooksd,outlier) %>%
arrange (desc(cooksd)) %>
gt

ID Body mass index Oxygen saturation (SpO2) Oxygen saturation (SpO2) outlier

122 30.00 89 0.13348733 delete
140 32.46 89 0.03196280 delete
102 30.00 99 0.01698986  delete

Now, I will examine atelectasis percentage:

Atelectasis percent smooth term and residuals

Using a smooth term for atelectasis percentage is comparable to having it as categorical,
which can be checked by substituting the smooth term for the categorical term in the models.
However, the smooth term will allow to have a visual representation of the partial effect of
atelectasis percent on SpO2 and compare it to BMI, which is why I decided to keep the smooth
term to model the effect of atelectasis.

I determined the optimal k value for atelectasis at k=5. A term with a lower k (i.e., k=3)
lead to a decrease in explained deviance compared to the categorical term and was not a good



representation of the trend in values for the variable, especially at the higher values as it curved
upwards compared to the downward trend seen. Therefore, I kept k=5.
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Family: quasibinomial
Link function: logit

Formula:
spo2_fraction ~ s(atelectasis_percent, k = 5)

Parametric coefficients:
Estimate Std. Error t value Pr(>|t]|)
(Intercept) 3.02654 0.02526 119.8 <2e-16 *x*

Signif. codes: O 'x*xx' 0.001 'xx' 0.01 'x' 0.05 '.' 0.1 ' ' 1

Approximate significance of smooth terms:
edf Ref.df F p-value
s(atelectasis_percent) 3.131 3.592 105.3 <2e-16 *xx*

Signif. codes: O 'x*xx' 0.001 'xx' 0.01 'x' 0.05 '.' 0.1 ' ' 1

R-sq.(adj) = 0.676 Deviance explained = 62.3},
GCV = 0.0060413 Scale est. = 0.0062171 n = 236
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full convergence after 3 iteratioms.

Gradient range [1.135994e-09,1.135994e-09]

(score 0.006041257 & scale 0.006217078).

Hessian positive definite, eigenvalue range [2.484316e-05,2.484316e-05].
Model rank = 5 / 5

Basis dimension (k) checking results. Low p-value (k-index<1) may
indicate that k is too low, especially if edf is close to k'.

k' edf k-index p-value
s(atelectasis_percent) 4.00 3.13 1.06 0.82

Outliers:

data %>%
mutate (
cooksd = cooks.distance(model_atel_smooth),
outlier = ifelse(cooksd < 4/nrow(data), "keep","delete")
) 5>
filter (outlier=="delete") %>%
dplyr::select(ID,BMI,spo2_VP0,atelectasis_percent,cooksd,outlier) 7%>%



arrange (desc(cooksd)) %>%
gt

ID Body mass index Oxygen saturation (SpO2) Percentage of atelectasis Oxygen saturation (SpO2)

205 55.44 92 17.5 0.04401798
122 30.00 89 0.0 0.03928085
168 48.78 97 7.5 0.03216437
114 41.10 91 0.0 0.02101897
103 60.33 88 7.5 0.01743817

I will remove influential outliers with cooks distance >0.05 for BMI:

Likewise, remove influential outliers with cooks distance >0.05 for atelectasis percent:
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Inverse probability weighting

In order to account for exposure-outcome confounding and also mediator-outcome confounding,
inverse probability weighting is a good modelling option since the mediator-outcome confound-
ing affected by the exposure induces collider-stratification bias. Thus, a propensity score will
be calculated for both the exposure (BMI) and mediator (atelectasis percent). Inverse proba-
bility weights will be obtained from propensity scores and combined into a single weight that
will be used to model SpO2.

Propensity scores and weights

Non-Parametric Covariate Balancing Propensity Score (npcbps) will be obtained to avoid prob-
lems in the fitting of the models due to skewed distributions, thereby adopting a distribution-
free method for obtaining the weights. Npcbps are directly interpretable as inverse probability
weights (see CBPS documentation), reason why the additional step of obtaining inverse weights
is not needed with this method.

Weights for exposure (BMI):

data$weightl <- weightit(BMI ~ age + sex + altitude_cat,
data,
method = "npcbps",
over = FALSE)$weights

Weights for mediator (atelectasis percent):

data$weight2 <- weightit(
factor(atelectasis_percent, ordered = TRUE) ~
BMI + age + sex + altitude_cat + asthma + sleep_apnea + COPD,
data,
method = "npcbps")$weights

Overall weight:
data <- data %>%
mutate (

weight = weightl*weight?2
)

Fit IPW model including both BMI and atelectasis percentage:

11


https://search.r-project.org/CRAN/refmans/CBPS/html/npCBPS.html

Family: quasibinomial
Link function: logit

Formula:
spo2_fraction ~ s(BMI, k = 8) + s(atelectasis_percent, k = 5)
Parametric coefficients:
Estimate Std. Error t value Pr(>|tl)
(Intercept) 2.99448 0.02166  138.2 <2e-16 *xx*
Signif. codes: O '**xx' 0.001 '*' 0.01 'x' 0.05 '.' 0.1 ' ' 1
Approximate significance of smooth terms:
edf Ref.df F p-value
s (BMI) 1.000 1.000 1.659 0.199
s(atelectasis_percent) 3.152 3.614 97.889 <2e-16 *xx
Signif. codes: O '*x*xx' 0.001 '«x' 0.01 'x' 0.05 '.' 0.1 ' ' 1

R-sq.(adj) = 0.716 Deviance explained = 64.9}
GCV = 0.0043753 Scale est. = 0.0043973 n = 229
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(score 0.004375297 & scale 0.004397271).
Hessian positive definite, eigenvalue range [2.936941e-09,1.920412e-05].
Model rank = 12 / 12

Basis dimension (k) checking results. Low p-value (k-index<1) may
indicate that k is too low, especially if edf is close to k'.

k' edf k-index p-value
s (BMI) 7.00 1.00 1.09 0.95
s(atelectasis_percent) 4.00 3.15 1.03 0.76

Very influential outlier.

data %>%
mutate (
cooksd = cooks.distance(model_plus),
outlier = ifelse(cooksd < 4/nrow(data), "keep","delete")
) >
filter(outlier=="delete") %>%
dplyr::select(ID,BMI,spo2_VP0,atelectasis_percent,cooksd,outlier) 7%>%
arrange (desc(cooksd)) %>
gt

ID Body mass index Oxygen saturation (SpO2) Percentage of atelectasis Oxygen saturation (SpO2)

107 41.74 94 0.0 0.55248730
165 34.93 91 7.5 0.13631966
20 47.83 98 0.0 0.08991243
39 47.51 94 0.0 0.03994338
40 33.11 93 7.5 0.03639909
200 39.05 94 7.5 0.02788647
12 46.19 94 0.0 0.02575926
18 47.55 98 0.0 0.02431717
o4 34.60 96 0.0 0.02208772
o8 52.87 92 12.5 0.01847974

I will remove this extreme outlier:

BMI only model (unadjusted, unweighted)

Family: quasibinomial

14



Link function: logit

Formula:
spo2_fraction ~ s(BMI, k = 8)

Parametric coefficients:
Estimate Std. Error t value Pr(>|t|)
(Intercept) 3.00860 0.03096 97 .17 <2e-16

Signif. codes: O 'x*x' 0.001 '%x' 0.01 'x' 0.05

Approximate significance of smooth terms:
edf Ref.df F p-value
s(BMI) 5.901 6.587 22.5 <2e-16 *x*x

Signif. codes: O 'x*x' 0.001 '%x' 0.01 'x' 0.05

R-sq.(adj) = 0.425 Deviance explained = 38.3}
GCV = 0.0096285 Scale est. = 0.0094719 n = 228
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Atelectasis percent model (unadjusted, unweighted)

-0.5
I

s(atelectasis_percent,3.26)

atelectasis_percent

Family: quasibinomial
Link function: logit

Formula:
spo2_fraction ~ s(atelectasis_percent, k = 5)

Parametric coefficients:
Estimate Std. Error t value Pr(>|t|)
(Intercept) 3.04997 0.02321 131.4 <2e-16 *x*x*

Signif. codes: O 'xxx' 0.001 'x' 0.01 'x' 0.06 '.' 0.1 ' ' 1

Approximate significance of smooth terms:
edf Ref.df F p-value
s(atelectasis_percent) 3.262 3.698 128.3 <2e-16 **x

Signif. codes: O 'x*x' 0.001 'xx' 0.01 'x' 0.05 '.' 0.1 ' ' 1

R-sq.(adj) = 0.737 Deviance explained = 67.5}
GCV = 0.0049571 Scale est. = 0.004952 n = 228
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s(BMI) + s(atelectasis percentage), unadjusted, unweighted

Fit model sBMI plus atelectasis percentage:

Family: quasibinomial
Link function: logit

Formula:
spo2_fraction ~ s(BMI, k = 8) + s(atelectasis_percent, k

Parametric coefficients:
Estimate Std. Error t value Pr(>|t|)
(Intercept) 3.05022 0.02318 131.6 <2e-16 *x*x*

Signif. codes: O '**x' 0.001 '%x' 0.01 'x' 0.05 '.' 0.1 "'

Approximate significance of smooth terms:

edf Ref.df F p-value
s (BMI) 1.000 1.000 1.864 0.174
s(atelectasis_percent) 3.223 3.664 67.299 <2e-16 *x*x

Signif. codes: O '*xxx' 0.001 'sx' 0.01 'x' 0.05 '.' 0.1 '

R-sq.(adj) = 0.74 Deviance explained = 67.7%
GCV = 0.004962 Scale est. = 0.0049392 n = 228

17
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Adjusted model BMI

Fit IPW model for BMI. This model accounts for confounders relevant to BMI, after having
obtained a balanced pseudopopulation through propensity weighting as detailed earlier.

Family: quasibinomial
Link function: logit

Formula:
spo2_fraction ~ s(BMI, k = 8)

Parametric coefficients:
Estimate Std. Error t value Pr(>|t]|)
(Intercept) 3.00884 0.03099 97.1 <2e-16 *xx*x*

Signif. codes: O 'xxx' 0.001 'xx' 0.01 'x' 0.05 '.' 0.1 ' ' 1

Approximate significance of smooth terms:
edf Ref.df F p-value
s(BMI) 5.816 6.538 22.32 <2e-16 **x

Signif. codes: O 'xxx' 0.001 'x' 0.01 'x' 0.056 '.' 0.1 ' ' 1

R-sq.(adj) = 0.421 Deviance explained = 38.2}
GCV = 0.0095751 Scale est. = 0.009433 n = 228
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Fit IPS model for atelectasis percent:
Family: quasibinomial
Link function: logit
Formula:
spo2_fraction ~ s(atelectasis_percent, k = 5)
Parametric coefficients:
Estimate Std. Error t value Pr(>|tl)
(Intercept) 3.02035 0.02054 147  <2e-16 **x
Signif. codes: O 'x*x' 0.001 '#x' 0.01 'x' 0.05 '.' 0.1 1
Approximate significance of smooth terms:
edf Ref.df F p-value
s(atelectasis_percent) 3.25 3.688 146.7 <2e-16 *x**
Signif. codes: O 'xxx' 0.001 'sx' 0.01 'x' 0.05 '.' 0.1 1
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R-sq.(adj) = 0.762 Deviance explained = 70.2}
GCV = 0.0038206 Scale est. = 0.0037876 n = 228
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Fully adjusted model (IPW model)

Family: quasibinomial
Link function: logit

Formula:
spo2_fraction ~ s(BMI, k = 8) + s(atelectasis_percent, k = 5)

Parametric coefficients:
Estimate Std. Error t value Pr(>|t|)
(Intercept) 3.02676 0.02083 145.3 <2e-16 *xx*

Signif. codes: O 'x*x' 0.001 'xx' 0.01 'x' 0.05 '.' 0.1 ' ' 1

Approximate significance of smooth terms:

edf Ref.df F p-value
s (BMI) 1.000 1.001 1.789 0.182
s(atelectasis_percent) 3.289 3.721 120.779 <2e-16 *x*x

21



Signif. codes: O 'x*x' 0.001 'xx' 0.01 'x' 0.05 '.' 0.1 ' ' 1

R-sq.(adj) = 0.759 Deviance explained = 69.9}
GCV = 0.0037468 Scale est. = 0.0036974 n = 228
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full convergence after 6 iteratioms.

Gradient range [-3.75327e-09,-3.839252e-10]

(score 0.003746773 & scale 0.003697431).

Hessian positive definite, eigenvalue range [3.752868e-09,1.62418e-05].
Model rank = 12 / 12

Basis dimension (k) checking results. Low p-value (k-index<1) may
indicate that k is too low, especially if edf is close to k'.

k' edf k-index p-value

s (BMI) 7.00 1.00 1.14 0.99
s(atelectasis_percent) 4.00 3.29 1.04 0.78

Note that there is complete separation of residuals, resembling oxygen categories. This is
highly suggestive of this model not being good at explaining variation at higher oxygen levels
(i.e. greater than 95%), whereas residuals are nearly randomly distributed at lower oxygen
values. I will re-assess this hypothesis by the end of the document and in Part 8.

Test for interaction

Family: quasibinomial
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Link function: logit

Formula:
spo2_fraction ~ s(BMI, atelectasis_percent)

Parametric coefficients:
Estimate Std. Error t value Pr(>|t|)
(Intercept) 3.03060 0.02315 130.9 <2e-16 *x*x*

Signif. codes: O 'x*x' 0.001 'xx' 0.01 'x' 0.05 '.' 0.1 ' ' 1

Approximate significance of smooth terms:
edf Ref.df F p-value
s(BMI,atelectasis_percent) 13.2 17.39 30.43 <2e-16 **x

Signif. codes: O 'x*x' 0.001 'xx' 0.01 'x' 0.05 '.' 0.1 ' ' 1

R-sq.(adj) = 0.758 Deviance explained = 70.9%
GCV = 0.0039258 Scale est. = 0.0036899 n = 228
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Gradient range [1.048224e-10,1.048224e-10]

(score 0.003925793 & scale 0.003689942).

Hessian positive definite, eigenvalue range [9.732058e-05,9.732058e-05].
Model rank = 30 / 30

Basis dimension (k) checking results. Low p-value (k-index<1) may
indicate that k is too low, especially if edf is close to k'.

k' edf k-index p-value
s(BMI,atelectasis_percent) 29.0 13.2 1.07 0.94

s(BMl,atelectasis_percent,13.2) +1se

15
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Predicted SpO2

Not much improvement from a model with an interaction term. This model with an interaction
term is very likely fitting noise.

Build a dataframe to compare models:

Models sorted by explained deviance (from higher to lower):

Model aR2 dev

Interaction_adjusted 75.8 70.9
adjusted__atelectasis 76.2 70.2

Fully_adjusted 75.9 69.9
sBMI_ atel 74.0 67.7
atel smooth 73.7 67.5
sBMI 42,5 38.3
adjusted_ BMI 42.1 38.2
empty 0.0 0.0
Model aR2 dev
adjusted_ atelectasis  76.2 70.2
Fully_adjusted 75.9 69.9
Interaction_adjusted 75.8 70.9
sBMI _atel 74.0 67.7
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atel smooth 73.7

sBMI 42.5
adjusted_ BMI 42.1
empty 0.0

67.5
38.3
38.2

0.0
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Figure SpO2 models

Figure 2a: Total effect of BMI (adjusted)

Assessment of residuals. This was done for all models.

s(BMI)

Partial effect

R TN T T TEE T U A N T o
30 40 50 60 70
BMI

Basis: TPRS

Now, take the inverse logit function to assess partial effect on mean SpO2.

Partial effect on mean SpO2:
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Total effect of BMI
Deviance explained: 38.2%
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Figure 2b: Fully adjusted BMI
Partial effect on mean SpO2:
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Direct effect of BMI
Deviance explained: 69.9%
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Figure 2c: sAtelectasis percent
Check residuals:

Draw a personalized plot:
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Total effect of atelectasis
Deviance explained: 70.2%
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Figure 2d: Fully adjusted Atelectasis Percent
Partial effect on mean SpO2:
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mean SpO2
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Indirect effect of BMI (mediated by atelectasis)
Deviance explained: 69.9%

Figure 2
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Total effect of BMI Direct effect of BMI
Deviance explained: 38.2% Deviance explained: 69.9%
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Predictions Sp02

These are the predicted SpO2 values in the fully adjusted model (adjusted_ plus):

vis.gam(model_plus,
view=c("BMI","atelectasis_percent"),
color = "gray",
type = "response",
plot.type = "contour",
contour.col = brewer.pal(9, "BuGn"),
nlevels=10,
ylab = "Atelectasis percent (%)",
xlab = "Body mass index (kg/m2)",
main = "Predicted Sp02"

)
Predicted Sp0O2
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This figure shows that this model is not able to predict SpO2 values above 96%. The range
of predicted values of SpO2 that can be predicted with the data and model created in this
study are within 88-96%. Lines correspond to a level of SpO2, so it can be seen that most
of these are almost perpendicular to the y axis, meaning that most of the decrease in SpO2
is driven by increasing atelectasis percentage. Nonetheless, lines are not perfectly horizontal,
which reflects that there is some residual effect of BMI on SpO2. Furthermore, this model
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shows that drops in SpO2 are more accentuated at the lower part of atelectasis percentage
extension (93% to 96% mostly occur at atelectasis percentage lower than 5%). At SpO2 92%
and lower, jumps are not as accentuated and there is a greater effect of increasing BMI as the
lines tend to be more inclined. A 3D plot could perhaps allow to visualize these patterns if
this is not clear enough from the 2D plot:

Predicted SpO2

LT ,
i
T
IIIIIIZZ;/////////////////// 7
/1527;;///////
(7117

Figure 3

The 2D plot was recreated with the accompanying sourced script Figure3. R which also saves
the 3D plot as FigureS5.
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Atelectasis percent (%)

Atelectasis percent (%)
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Modelling subsets of low vs high Sp0O2

As mentioned earlier, there is complete separation of residuals, resembling oxygen categories.
Perhaps including these in the model could allow to know the effect of atelectasis and BMI on
SpO2 according to different SpO2 categories:

Family: quasibinomial
Link function: logit

Formula:
spo2_fraction ~ s(BMI, k = 8) + s(atelectasis_percent, k = 5) +
spo2_cat

Parametric coefficients:

Estimate Std. Error t value Pr(>|tl)
(Intercept) 3.34042 0.02709 123.32 <2e-16 **x*
spo2_cat 95 -0.63095 0.04104 -15.37 <2e-16 **x*

Signif. codes: O 'x*xx' 0.001 'xx' 0.01 'x' 0.05 '.' 0.1 ' ' 1

Approximate significance of smooth terms:

edf Ref.df F p-value
s (BMI) 6.192 6.774 3.163 0.00381 *x
s(atelectasis_percent) 2.152 2.571 24.851 < 2e-16 *xx

Signif. codes: O 'x*x' 0.001 'xx' 0.01 'x' 0.05 '.' 0.1 ' ' 1

R-sq.(adj) = 0.875 Deviance explained = 84.5%
GCV = 0.0020258 Scale est. = 0.0018961 n = 228

37



Normal Q-Q Plot Resids vs. linear pred.

-3 2 -1 0 1 2 3

deviance residuals
-0.15
[
residuals

Theoretical Quantiles linear predictor
Histogram of residuals Response vs. Fitted Values
S L1 g
g °© = | i | ! | &
L 4
-02 -0.1 00 01 0.2 0.88 0.92 0.96
Residuals Fitted Values

Method: GCV  Optimizer: outer newton

full convergence after 9 iteratioms.

Gradient range [2.298414e-11,5.759827e-11]

(score 0.002025796 & scale 0.001896135).

Hessian positive definite, eigenvalue range [5.390903e-06,9.319027e-06].
Model rank = 13 / 13

Basis dimension (k) checking results. Low p-value (k-index<1) may
indicate that k is too low, especially if edf is close to k'.

k' edf k-index p-value
s (BMI) 7.00 6.19 1.08 0.95
s(atelectasis_percent) 4.00 2.15 1.06 0.93

I will therefore model separately by splitting the dataset into participants with SpO2 lower
than or equal to 95 vs those with SpO2 higher than 95. These analyses will be presented in
Part 8.
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