Examining the effectiveness of Zinc treatment in children admitted with diarrhoea in

Kenya’s public hospitals: An observational study

The supplementary material is organised into the following subsections:
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a) Further Information on Clinical Information Network

Thirteen county referral hospitals plus one sub — county hospital were purposively selected with direction from
Ministry of Health (MOH) and recruited into the CIN, which represents collaborative work between the MOH,
the Kenya Medical Research Institute (KEMRI)/Wellcome Trust Research Programme, the Kenya Pediatric
Association (KPA) and participating hospitals. These hospitals were recruited into the study at different times;
four Nairobi sites in September 2013, six Western sites in October 2013 and four Central sites in February 2014
(Nairobi, Western and Central are three blocks in which the hospitals have been categorized).

The total possible variables collected per record are 382 and are grouped into; biodata, history, examination,
investigations, admission diagnosis, treatment, supportive care, monitoring and discharge information tools.
However, many variables are collected for only specific sub-groups (e.g. linked to diagnoses) or only if a child
receives specific treatments. The total number of variables for which data are collected per patient is therefore
well below this maximal figure of 382. The biodata tool contains basic patient’s demographic information; history
and examination has information on clinical signs and symptoms; investigations has laboratory test orders and
results; and the discharge information tool contains discharge diagnoses, outcomes and follow up information.

This data collection system has been described in detail elsewhere(1). Feedback to hospitals as part of the CIN
activities has helped improve the quality of clinical data (1). Details of hospital characteristics, their selection and
their populations of patients are also provided elsewhere (2).

b) Variables and their completeness
Table S1 presents all the variables used for analysis. These data (for those aged 1 — 5 months and those aged 6 —
59 months together) had missing data of at most 23%.

Table S1: Percentage of missing data

Variable %
Pulse® (weak, normal) 10.2
AVPU (Alert, Verbal response, Pain response, Unresponsive) 45
Capillary refill? (<=3 sec, >3 sec, intermediate) 17.0
Sunken eyes® (Yes, No) 10.7
Skin pinch? (1 — 2 sec, >2 sec, immediate) 8.8
Blood transfusion order® (Yes, No) 0.3
Ability to drink? (Yes, No) 8.8
Skin temperature® (elbow, hand, shoulder) 21.9
Child sex® (male, female) 0.8
Weight® (Kg) 3.9
Pallor® (none, mild/moderate, severe) 4.3
Temperature® (degrees celcius) 10.3
Feverd (Yes, No) 31
Convulsions? (Yes, No) 5.6
Vomiting® (Yes, No) 2.3
Hospital referral® (Yes, No) 23.2
Length of illness (days) 2.3
Severe wasting® (Yes, No) 21.6
Thrush? (Yes, No) 13.1
Oedema’ (face, foot, knee, none) 6.7
Oral fluid® (administered, not administered) 0.0
IV fluid® (administered, not administered) 0.0
Wheeze (Present, absent) 4.9
Hospital!(H 1 — 14) 0.0
Diarrhoea > 14 days® (Yes,No) 14.4
HIV (positive, negative) 0.0
Pneumonia® (positive, negative) 0.0
Malaria® (positive, negative) 0.0
Meningitis® (positive, negative) 0.0

drepresent discrete variable while © represents continuous variable; major co — morbidities included HIV, pneumonia, malaria and
meningitis; fluid treatments included — 1V and oral fluid. Missingness in outcome (alive, dead, absconded, referred) was 1.3%, age (months)
was 0.4%, and in length of stay 0.9%.

After assessing completeness of the variables, 10 datasets were multiply imputed using chained equations (though
no higher order forms of continuous variables or interactions are included). Thereafter, average densities of
imputed values versus those observed were examined for the following continuous variables: length of illness,



age, weight and temperature (Figure S1). The densities for observed and imputed values were overlapping
showing the plausibility of the imputed values and that the imputation models had worked correctly.
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Figure S1: Distribution of observed versus average imputed values (continuous variables, blue line — observed
data, red line — imputed data)

c) MNAR patterns

The use of patterns of missingness within the data supposes that there are unmeasured factors that create much
more missingness in some medical records than in others so there is an underlying non — random factor. Thus
conducting multiple imputation and subsequent analyses on data subsets that display different patterns of
missingness may provide an indication (if results vary) that assumption of missingness at random may not be
feasible(3). Molenberghs (2004) (3) indicate that the use of pattern mixture models may play a major role in
missing data sensitivity analysis. In this analysis, pattern mixture models involve formulation of different missing
data patterns — and outcome analyses are then conducted for each pattern and pooled. This analysis involves
missing data in more than one covariate and therefore patterns are formulated by grouping of patients according
to the number of variables for which they have missing data. This form of grouping of patients for missingness
not at random was implemented in Gathara (2017)(4). In particular, three patterns are formulated in which pattern
1 consists of patients with missing data in 0 — 3 variables, pattern 2 consists of patients with 4 variables with
missing data, and pattern 3 consists of patients with more than four variables with missing data. See sub — section

k for results of the pattern mixture modelling.



d) Fitting of propensity score models

Logistic regression model with a logit link function was used to estimate the propensity scores. All the variables
listed in Table S1 were used as independent variables in the PS model with the Zinc prescription being the
dependent variable (the variable types were maintained in the analysis). The estimated propensity scores were
then used to conduct PS full-matching and weighting. Full matching retained all the patients in the analysis while
forming subsets of Zinc and non-Zinc patients using the optimal algorithm. Also we conducted weighting by odds
such that those prescribed Zinc were assigned a weight of 1 and those in the non-Zinc assigned weights of PS/(1
— PS) (5). Weighting by odds results into stable weights thus does not require stabilisation.

e) Instrumental variable analysis:

A valid 1V should satisfy the following three conditions: (i) it should be usable as a variable for randomly and
effectively assigning patients into alternative groups (and this is to ensure that the IV is not influenced by any
unobserved variables so it helps mimic the case of a randomised controlled trial); (ii) relevance — as the choice of
IV should be logical and have a direct effect on treatment received and; (iii) it should not be directly associated
with the outcome but only through the treatment (6). According to Baiocchi (2014), assumption one may partly
be verified by examining covariate distribution across the levels of an IV variable and assumption two could be
examined using likelihood ratio tests. And according to Klungel (2015), the third assumption may not be directly
verifiable (7) but could be theoretically justified.

To assess whether admission timing forms a natural and random experiment the distributions of covariates were
examined across the levels of the instrumental variable (grouped as weekend/weekday) for children aged 1 — 5
and 6 — 59 months separately. The distribution of each of the patient characteristics was approximately similar
with the majority of variables having absolute standardised mean differences of <= 0.1 between groups.
Likelihood ratio tests also showed that admission timing was significantly associated with Zinc prescription in
both age groups.

To model using instrumental variables in a survival context, Tchetgen (2015) (8) suggested the use of control
function where modelling happens in two steps. Step 1 involves the estimation of residuals. The residuals are
estimated from a model where treatment membership is modelled as a function of the IV and covariates
influencing treatment assignment (all the variables in Table S1 plus the admission timing variable were used in
estimating the residuals). Step 2 involves the use of these residuals as predictors in a second stage survival model
— and in this case we used the Scheike’s flexible competing risk model.

The estimated SHRs (comparing Zinc versus no Zinc) using this IV for children aged 1 — 5 and 6 — 59 months
were 1.24 [1.18, 1.30] and 1.31 [1.27, 1.35] respectively. These results are similar to those reported in figure 3 of
the main manuscript. Consistent results were also obtained in IV analysis of Zinc effectiveness by nourishment
status.



f) Comparing performance of PS optimal full matching and weighting in groups 1 (1 — 5 months) and 2
(6 — 59 months) respectively

We compared the ability of two PS approaches to reduce possible bias — optimal full matching and weighting (5,
9). Both are aimed at creating groups of patients that are comparable in terms of the distribution of observed signs
and symptoms (though they may result in somewhat different groups being compared). In order to select the
optimum PS implementation method, standardised mean differences were used as diagnostic checks for covariate
balance and overlap (10, 11) between Zinc and non-Zinc groups. Even though both the PS methods would retain
all patients in the analysis, the method that resulted in the minimum average absolute standardised mean
differences for the majority of the variables was considered the most appropriate (5). For group 1 (1 — 5 months),
the performance of optimal full matching was comparable to that of weighting, while weighting performed better
than optimal full matching in group 2 (6 — 59 months) (see Figures S1 and S2). Thus outcome analyses for groups
1 and 2 were based on PS weighted datasets.
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Figure S2: Comparing performance of the two PS implementation methods in group 1 (1 — 5 months). The y — axis contains all the variables
used in the PS models. While x — axis shows absolute standardised mean difference (ASMD) which is a measure of covariate balance between
Zinc and non-Zinc groups. An ASMD value of <= 0.1 indicates the method has performed well in creating comparable groups.



Group 2: Aged 6 - 59 months
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Figure S3: Comparing performance of the two PS implementation methods in group 2 (6 — 59 months)

g) Covariate balance across the four levels of additive interaction between Zinc prescription and
nourishment status

To ensure the four subgroups had comparable patient characteristics, we followed the step by step approach
suggested by Spreeuwenberg (2010) (12). This involved: (i) Fitting PS models using multinomial logistic
regression with a probit link function to obtain four propensity scores per patient (which should add to one); (ii)
Examining covariate balance across the four subgroups through the use of significance testing and only p — values
reported. Based on the p — values, the distribution of covariates seem to be similar across the four sub — groups.
See Tables S2 and S3.



Table S2: Patient distributions across the four subgroups and p — values for testing differences before and after
PS adjustments (1 — 5 months)

Before After multiple
multiple PS PS
Zinc- Zinc-under- No zinc- No zinc-under- | correction correction
wellnourished | nourished wellnourished | nourished (p - value) (p - value)
Pulse
Normal 95 91 96 92 0.050 0.998
Weak 5 9 4 8
AVPU
Alert 98 96 97 97 0.307 1.000
Verbal response 2 4 3 3
Capillary refill
<=3 Sec 95 94 97 94 0.249 1.000
> 3 Sec 1 1 1 3
Indeterminate 4 5 2 3
Sunken eyes
No 73 63 82 69 0.000 0.989
Yes 27 37 18 31
Skin pinch
1 -2 secs 21 26 20 29 0.000 1.000
Immediate 70 58 74 53
more than or equal to
2secs 9 16 6 18
Blood transfusion
order
No 98 95 98 96 0.090 0.999
Yes 2 5 2 4
Ability to drink
No 15 19 18 27 0.008 1.000
Yes 85 81 82 73
Skin temperature
Elbow 3 4 3 5 0.230 1.000
Hand 96 94 94 92
Shoulder 1 2 3 3
Child sex
Female 46 42 49 39 0.142 0.999
Male 54 58 51 61
Pallor
mild/moderate 7 15 9 17 0.001 1.000
None 89 82 89 81
Severe 3 3 2 2
Fever
No 19 20 20 27 0.173 1.000
Yes 81 80 80 73
Convulsions
No 92 93 89 95 0.053 0.999
Yes 8 7 11 5
Vomiting
No 39 42 39 44 0.648 1.000
Yes 61 58 61 56
Hospital referral
No 83 81 75 69 0.000 1.000
Yes 17 19 25 31
Severe wasting
No 97 83 95 80 0.000 0.909
Yes 3 17 5 20
Thrush
No 97 95 96 94 0.275 1.000
Yes 3 5 4 6
Oedema
Face 0 0 0 0 0.057 0.116
Foot 1 0 2 0
Knee 0 0 0 0
None 99 100 98 100
Oral fluid treatment
No 12 21 20 31 0.000 0.997
Yes 88 79 80 69
1V fluid treatment
No 71 57 68 59 0.000 0.996




Yes 29 43 32 41

Wheeze

No 97 95 90 97 0.001 0.999
Yes 3 5 10 3

History of pesistent

diarrhoea

No 97 96 99 97 0.135 0.999
Yes 3 4 1 3

HIV

hiv+ 1 3 1 5 0.001 0.995
hiv- 99 97 99 95

Pneumonia

pneum-+ 49 50 57 61 0.010 1.000
pneum- 51 50 43 39

Malaria

malaria+ 25 16 17 7 0.000 0.998
malaria- 75 84 83 93

Meningitis

meningitis+ 4 5 9 8 0.007 1.000
meningitis- 96 95 91 92

Continuous variables:

mean (sd)

Weight 6 (2) 4(1) 6 (2) 4(1) 0.000 0.644
Temperature 38 (1) 38 (1) 38 (1) 38 (1) 0.002 0.999
Length of illness 5 (5) 7 (12) 5 (5) 7 (12) 0.000 0.998

Table S3: Patient distributions across the four subgroups and p — values for testing differences before and after
PS adjustments (6 — 59 months)

Before After
Zinc- multiple PS multiple PS
wellnourishe | Zinc-under- No zinc- No zinc-under- correction correction
d nourished wellnourished nourished (p - value) (p - value)
Pulse
Normal 95 93 94 91 0.000 0.962
Weak 5 7 6 9
AVPU
Alert 98 97 97 96 0.008 0.999
Verbal response 2 3 3 4
Capillary refill
<=3 Sec 95 95 95 95 0.503 1.000
> 3 Sec 1 1 1 1
Indeterminate 4 4 4 4
Sunken eyes
No 67 61 75 67 0.000 0.985
Yes 33 39 25 33
Skin pinch
1-2 secs 23 23 22 24 0.000 0.982
Immediate 71 64 72 60
more than or equal to
2secs 7 13 7 16
Blood transfusion
order
No 98 97 96 95 0.000 0.999
Yes 2 3 4 5
Ability to drink
No 14 17 18 18 0.000 0.986
Yes 86 83 82 82
Skin temperature
Elbow 3 5 4 6 0.000 1.000
Hand 95 93 94 92
Shoulder 2 2 2 3
Child sex
Female 46 40 48 43 0.000 0.987
Male 54 60 52 57
Pallor
mild/moderate 8 12 9 16 0.000 0.999
None 90 85 87 80
Severe 2 3 4 4
Fever




No 24 22 20 24 0.007 0.990
Yes 76 78 80 76

Convulsions

No 88 91 85 89 0.000 0.999
Yes 12 9 15 11

Vomiting

No 19 20 24 29 0.000 1.000
Yes 81 80 76 71

Hospital referral

No 84 83 80 75 0.000 0.999
Yes 16 17 20 25

Severe wasting

No 98 85 97 77 0.000 0.060
Yes 2 15 3 23

Thrush

No 97 95 96 94 0.000 0.981
Yes 3 5 4 6

Oedema

Face 0 0 1 0 0.000 1.000
Foot 2 0 3 0

Knee 0 0 0 0

None 98 100 96 100

Oral fluid treatment

No 11 15 25 26 0.000 0.877
Yes 89 85 75 74

1V fluid treatment

No 69 62 65 62 0.000 0.939
Yes 31 38 35 38

Wheeze

No 98 97 96 96 0.000 0.999
Yes 2 3 4 4

History of pesistent

diarrhoea

No 97 96 97 96 0.002 0.993
Yes 3 4 3 4

HIV

hiv+ 1 3 1 3 0.000 0.763
hiv- 99 97 99 97

Pneumonia

pneum+ 28 36 37 43 0.000 0.909
pneum- 72 64 63 57

Malaria

malaria+ 31 18 27 17 0.000 0.869
malaria- 69 82 73 83

Meningitis

meningitis+ 4 5 7 6 0.000 0.992
meningitis- 96 95 93 94

Continuous variables:

mean (sd)

Weight 10 (3) 7(2) 10 (3) 7(2) 0.000 0.000
Temperature 38 (2) 38 (1) 38 (1) 38 (1) 0.000 0.992
Length of illness 4(7) 6 (11) 5(11) 7 (13) 0.000 0.943

h) Treatment effect estimates by nourishment status

An additive interaction was used in modelling the use of zinc by nourishment status (13). As such, we derived a
variable with four levels representing those who were: (i) prescribed Zinc and were well-nourished,; (ii) prescribed
Zinc and were undernourished; (iii) not prescribed Zinc and were well-nourished and; (iv) not prescribed Zinc
and were undernourished. The reference group used in the analyses, was well-nourished children who were
prescribed Zinc as they were more likely to be discharged sooner than the other three subgroups. To ensure the
four subgroups had comparable patient characteristics, we followed the step by step approach suggested by
Spreeuwenberg (2010) (12). The distribution overlap and covariate balance were satisfactory as demonstrated in
Tables S2 and S3. The treatment effect results obtained are presented in table 1 of the main manuscript. While
results obtained with PS unweighted data are presented in Table S4 below.



i) Examining constant effects of Zinc in analysing time to experiencing inpatient mortality

Using both Kolmogorov-Smirnov and Cramer von Mises tests, it was indicated that the effect of Zinc on mortality

Table S4: Treatment effect estimates (SHR) by nourishment status (unweighted data)

1 -5 months

6 — 59 months

Zinc-undernourished

0.52 [0.44, 0.61]

0.57 [0.54, 0.60]

No Zinc-wellnourished

0.74 [0.63, 0.87]

0.83 [0.77, 0.90]

No Zinc-undernourished

0.41 [0.33, 0.51]

0.41 [0.38, 0.45]

Zinc-wellnourished (reference group)

was not constant across the discharge time points (for both age groups). See Table S5.

Table S5: P — values for PS adjusted models

Group 1 (1 -5 months)

Group 2 (6 — 59 months)

Kolmogorov-Smirnov

Cramer Von Mises

Kolmogorov-Smirnov

Cramer Von Mises

Zinc prescription (Yes)

0.01

0.01

0.00

0.00

j) Pattern mixture modelling

The sample sizes per pattern were as presented in Table S6. Pattern 1 in both groups had the largest sample size,

followed by pattern 2 and lastly pattern 3.

Table S6: Sample size per pattern

Pattern Group 1 Group 2
1 758 5700

2 346 2140

3 541 3706
Total 1645 11546

PS weighting was conducted (to be consistent with the primary analysis) and this minimised covariate imbalance
across the three patterns in group 2 and all the variables had ASMD < =10%. However, about a third and half of
the variables in patterns 1 and 2 respectively in group 1 had ASMD > 10%, and six variables had ASMD > 10%
in pattern 3 of group 1. The Scheike’s model Zinc treatment effectiveness estimates were as presented in Figures
S4 a and b. The pattern specific trends were in opposite directions although in group 2 the effect estimate was
larger where there was most missingness. However, the pooled effects were consistent with those observed in
Figure 3 of the main manuscript. This indicates that the earlier assumption of data missing at random was
plausible.
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(a) Group 1 (1-5 months)

Pattern SHR [95% C.I] Weight (%)
1 1.32[1.19, 1.46] —a— 36
2 1.17[1.02, 1.35] —a— 28
3 1.13[1.02, 1.24] =] 36
Pooled Estimate  1.21[1.14, 1.29] ~—— 100

No Zinc

(b) Group 2 (6 —59 months)

Pattern SHR [95% C.I] Weight (%)
1 1.19[0.92,1.53] — — 41
2 1.38[0.99,1.92] ] 24
3 1.45[1.10,1.90] —e—] 35
Pooled Estimate  1.32 [1.21, 1.55] - 100

No Zme |z preserpton

Figures S4 a and b: The estimated SHR per pattern in groups 1 and 2. Interpretation is based on the pooled
effects rather than pattern specific.

K) R packages

We used the following R packages for analysis:
e timereg — for fitting the competing risk regression
e mice — for multiple imputation
e  Matchlt — for conducting optimal full matching
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