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Fig. S1: Directed acyclic graph of relationships between potential confounders, population mixing
and childhood leukaemia. * Effects mediated through poorly understood mechanisms possibly
involving infections and immune development and responses

Table S1: Characteristics of eligible childhood leukaemia cases included and excluded from
analyses

Cases in analyses Cases not in analyses p
Total 536 (100%) 106 (100%)
Tumor ICCC3” code
(Ia) Acute lymphoblastic leukaemia 420 (78.4%) 72 (67.9%) 0.053"
(Ib) Acute myeloid leukaemia 82(15.3%) 28(26.4%)
(Ic) Chronic myeloproliferative disease 9(1.7%) 2(1.9%)
(Id) Myelodysplastic syndrome 19(3.5%) 2(1.9%)
(Ie) Unspecified and other specified leukaemia ~ 6(1.1%) 2(1.9%)
Median age at diagnosis in years (IQR) 8.1 (4.7-12.2) 9.5(5.5-12.8) 0.137¢
Female 217(40.5%) 40(37.7%) 0.598"
Male 319(59.5%) 66(62.3%)

a JCCC3 International Classification of Childhood Cancer - third edition [1]

b p-value Fisher’s exact test, < p-value for non-parametric equality of median test



Text S1: Comparison of different estimators of Shannon’s entropy: a Monte Carlo experiment

In a Monte Carlo experiment, we estimated the bias, variance and mean square error of various
proposed estimators of Shannon'’s entropy. For a given vector of multinomial probabilities p =

[p1, ..., pu]T the Shannon entropy [2] is defined as

H=-YL pilnp;. (1

We can use observed frequencies n; (i = 1, ..., M) to estimate H(p). Simply replacing probabilities
by the observed relative frequencies p = [py, ..., Dy ], where p; = n;/N and N = ¥, n;, results in

the naive estimator

—

H, = -%Lipinp; (2)
which is known to be biased. The expected value of H,, can be approximated as [3]

E[f)=H-"=+—— (1 -2, p) + =2t (0 = pi2) + -

Based on this approximation, Law et al. [4] used the estimator

P -~ M-1 1 . 1 . .
HLan+W_m(1_ ?4:1171' 1)_12,\,32{'\11(1’1’1—% 2)- (3)

However, this is inappropriate as the probabilities are again simply replaced by relative frequencies

[5]. As alternatives to Hy, we evaluated a set of estimators proposed in [6] and [5], namely

Ay =X p; (InN = p(np) — 2, “)

ni(n;j+1)

where Y (n) is the digamma function, and

As(§) = S 51 (YN = () — (0™ /57 S ar), (5)

1+t

with ¢ taking on values 0.5, exp(-0.5), and 1.



The sampling distribution for the Monte Carlo experiment was based on 5-year in-migration data
from the census 2000. For each Swiss municipality, we calculated a vector of relative frequencies
with length M equal to the number of districts in Switzerland. Values represented the relative
frequency of migrants coming from a particular district as a proportion of total in-migration into the
municipality and were ordered according to size such that first elements represented the most
important districts of origin for that municipality. We fitted a Dirichlet distribution to these
frequency vectors using the ‘dirmult’ command of the R package ‘dirmult’. We then randomly
selected 100 municipalities and, for each of these, randomly sampled a vector of multinomial
probabilities from the fitted Dirichlet distribution p; (j = 1, ..., 100). For each selected
municipality j, we then drew 100 random frequency vectors nj; (k = 1, ..., 100) from a multinomial
distribution with parameters N; and p; where N; is the total number of in-migrants into the
municipality. We calculated entropy estimators (equations 2-5) for each of the 100 frequency

vectors and compared them with actual entropy (equation 1) based on the true probability vector

Dj-

The observed bias, variance, and mean square error for estimators 2, 4, and 5 are plotted against in-
migration levels N; in Figure S1. Results for the estimator 3 are not shown as it performed
systematically worse than the other estimators. For all estimators bias and variance were larger for
small levels of in-migration with a steep increase of mean square error for communities with <100
in-migrants. Both bias and variance tended to be smaller for the naive estimator than for the
alternative estimators. Average mean square error over the 100 replications was 1.432, 3.050,
3.953, 3.047, 3.382 for the estimators H,,, ﬁw, H4(0.5), Hs(exp(—0.5)), and Hs(1) respectively. For
comparison, actual entropies ranged from 2.345 to 2.586 over the 100 replications with a mean of

2.467.
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Fig. S2: Bias, variance, and mean square error (MSE) of estimated diversity of migrant origin using different estimators of Shannon’s entropy: Results
from a Monte Carlo for Swiss municipalities. Formulas of estimators are given in equations 2, 4, and 5



Table S2. Time to event analyses with exposures as continuous variables (any leukaemia <16 years)

All municipalities

Rural municipalities

Urban municipalities

Test for interaction

Outcome Crude Adjusted” Crude Adjusted” Crude Adjusted” Crude Adjusted”
HR (95% CI) HR (95% CI) HR (95% CI) HR (95% CI) HR (95% CI) HR (95% CI)

Population Growth  0.44 (0.12- 1.59) 0.25 (0.07-0.97)  1.52 (0.16 - 14.83) 1.45 (0.15-14.41)  0.27 (0.05- 1.33) 0.90 (0.64 - 1.28) 0.234 0.079

Level of in-migration ~ 0.38 (0.09 - 1.66) 0.26 (0.05-1.20)  0.20 (0.02-2.63) 0.24(0.01-4.19)  0.34 (0.05 - 2.23) 0.19 (0.03 - 1.38) 0.234 0.079

Diversity of origin 1.20 (0.99 - 1.45) 1.18(0.97-1.43)  1.35(0.89-2.04) 1.40(0.91-2.14)  1.21(0.97-1.51) 1.13 (0.90 - 1.41) 0.766 0.877

Hazard ratio (HR) per increase in population mixing by 1 unit, i.e. by 100% increase for population
growth and level of in-migration

a adjusted for level of education of head of household, flat rent, crowding, the Swiss neighbourhood
index of socioeconomic position, distance to highways, ionising background radiation (dose rates from
terrestrial gamma and cosmic radiation), electromagnetic fields from broadcast transmitters, distance
to high voltage power lines

Table S3. Sensitivity Analysis for diversity of origin excluding municipalities with less than a 100 in-
migrants (any leukaemia <16 years)

Diversity of origin All municipalities Rural municipalities Urban municipalities Test for interaction

Outcome (quintiles) Crude Adjusted” Crude Adjusted” Crude Adjusted” Crude Adjusted”
HR (95% CI) HR (95% CI) HR (95% CI) HR (95% CI) HR (95% CI) HR (95% CI)
All leukaemia, <16y 1 1 1 1 1 1 0.948 0.949

0.95 (0.70 - 1.28) 0.92 (0.68 - 1.25)
1.01 (0.76 - 1.36) 0.94 (0.70 - 1.27)
1.17 (0.88 - 1.55) 1.13 (0.84 - 1.50)
119 (0.88- 1.61) 1.13 (0.83 - 1.54)

0.84 (0.47 - 1.50) 0.84 (0.47 - 1.50)
0.91(0.51-1.63) 0.86 (0.47 - 1.56)
1.26 (0.72 - 2.19) 1.30 (0.74 - 2.30)
1.24 (0.65 - 2.34) 1.27 (0.66 - 2.45)

1.01(0.71 - 1.44) 0.94 (0.66 - 1.35)
1.08 (0.77 - 1.52) 0.97 (0.69 - 1.36)
119 (0.85 - 1.66) 1.08 (0.77 - 1.51)
1.21(0.86 - 1.72) 1.09 (0.76 - 1.55)

[ U SR

a adjusted for level of education of head of household, flat rent, crowding, the Swiss neighbourhood
index of socioeconomic position, distance to highways, ionising background radiation (dose rates from
terrestrial gamma and cosmic radiation), electromagnetic fields from broadcast transmitters, distance
to high voltage power lines
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