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Abstract
Objective  This study developed and internally validated a 
predictive model for preterm birth (PTB) to examine the ability 
of neighbourhood socioeconomic status (SES) to predict PTB.
Design  Cohort study using individual-level data from two 
community-based prospective pregnancy cohort studies (All 
Our Families (AOF) and Alberta Pregnancy Outcomes and 
Nutrition (APrON)) and neighbourhood SES data from the 2011 
Canadian census.
Setting  Calgary, Alberta, Canada.
Participants  Pregnant women who were <24 weeks of 
gestation and >15 years old were enrolled in the cohort 
studies between 2008 and 2012. Overall, 5297 women 
participated in at least one of these cohorts: 3341 women 
participated in the AOF study, 2187 women participated in 
the APrON study and 231 women participated in both studies. 
Women who participated in both studies were only counted 
once.
Primary and secondary outcome measures  PTB (delivery 
prior to 37 weeks of gestation).
Results  The rates of PTB in the least and most deprived 
neighbourhoods were 7.54% and 10.64%, respectively. 
Neighbourhood variation in PTB was 0.20, with an intra-class 
correlation of 5.72%. Neighbourhood SES, combined with 
individual-level predictors, predicted PTB with an area under 
the receiver-operating characteristic curve (AUC) of 0.75. The 
sensitivity was 91.80% at a low-risk threshold, with a high 
false-positive rate (71.50%), and the sensitivity was 5.70% 
at a highest risk threshold, with a low false-positive rate 
(0.90%). An agreement between the predicted and observed 
PTB demonstrated modest model calibration. Individual-level 
predictors alone predicted PTB with an AUC of 0.60.
Conclusion  Although neighbourhood SES combined with 
individual-level predictors improved the overall prediction 
of PTB compared with individual-level predictors alone, 
the detection rate was insufficient for application in clinical 
or public health practice. A prediction model with better 
predictive ability is required to effectively find women at high 
risk of preterm delivery.

Introduction 
Globally, 11.1% of births are preterm.1 Preterm 
birth (PTB), that is, delivery prior to 37 weeks 
of gestation, is a major contributing factor 

to neonatal deaths,2 3 and among the  survi-
vors, PTB is also a significant risk factor for 
short-term and long-term morbidity.3–5 The 
incidence of PTB and its associated mortality 
and morbidity could potentially be reduced 
if women at risk of delivering preterm were 
identified early in gestation and appropri-
ately managed.6 7 The aetiology of PTB is 
multi-factorial,8–10 and one risk factor for 
PTB may be neighbourhood socioeconomic 
status (SES)10–12: the rate of PTB in low SES 
neighbourhoods is higher than the rate in 
high SES neighbourhoods.13–15 Neighbour-
hood SES is an area-level measure of SES, 
which aggregates individual SES (such as 
income, education and employment status) 

Strengths and limitations of this study

►► Use of multilevel model with random intercept at 
neighbourhood level allowed to examine the abili-
ty of neighbourhood socioeconomic status (SES) to 
predict preterm birth taking into account the neigh-
bourhood-level variation and intra-class correlation 
in preterm birth (PTB; relevance of neighbourhood).

►► Prediction model used simplest multilevel structure 
with individual and neighbourhood level predictors 
of PTB, data which can be easily collected in both 
community and clinical setting.

►► Internal validation of prediction model using boot-
strapping method provided a confidence about the 
reproducibility of our prediction model although exe-
cution of external validation of the model is required 
to fully understand its performance.

►► Relevant individual-level and neighbourhood-level 
predictors such as previous PTB and neighbourhood 
access to healthcare, which may help to optimise 
the prediction, are not included in the prediction 
model.

►► Our sample over-represents women from urban ar-
eas of Alberta, with high SES, thus limiting the gen-
eralizability of the findings to urban settings.
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at a certain geographical level.11 The high rate of PTB 
in low-SES neighbourhoods is not only related to the fact 
that women living in these neighbourhoods have higher 
individual-level risk factors for PTB. Neighbourhoods 
themselves can also increase the risk of PTB by exposing 
individuals to an  elevated risk.11 12 16 Low SES neigh-
bourhoods influence an individual’s ability to fulfil daily 
needs, access resources, make lifestyle choices and cope 
with different situations.11 12 16 Accordingly, women living 
in low SES neighbourhoods have less access to healthy 
foods, quality health services, opportunities for leisure 
activity and social support, and have more exposure to 
societal stressors, crimes and poor air and water quality. 
All of these neighbourhood-level factors can increase 
the risk of PTB among women living in these neighbour-
hoods through material, psycho-social, behavioural, and 
biological mechanisms.11 12 16 17 

While many studies have examined the association 
between neighbourhood SES and PTB,13–15 our under-
standing about the ability of neighbourhood SES to 
predict the risk of PTB is limited. It is possible that even 
strongly associated risk factors can have a low capacity 
to discriminate PTB in the population.18–20 Similarly, a 
statistically significant association between neighbour-
hood SES and PTB may exist, with small/no variation 
of PTB at  the neighbourhood level.21–23 Thus, the asso-
ciation may provide unreliable information about the 
likelihood of delivering preterm infants among women 
living in certain neighbourhoods and may mislead deci-
sion-makers in implementing public health interventions 
targeted at specific areas.21 22 As previous studies have not 
developed and validated a prediction model for PTB to 

evaluate the predictive ability of neighbourhood SES, 
information about the ability of neighbourhood SES to 
predict PTB is lacking.

A better understanding of the ability of neighbour-
hood SES to predict PTB has its own importance as it may 
improve our capacity to accurately discriminate between 
women at high and low risk of delivering preterm 
infants.19 24 The accurate discrimination capacity may 
offer a more valid prediction about the future probability 
of delivering a preterm infant in an individual woman 
coming from certain neighbourhoods.19 24 The use of 
valid prediction models may help us effectively identify 
women at high risk of delivering preterm infants, and in 
planning suitable public health interventions targeting 
women from low SES neighbourhoods, such as appro-
priate triage of women into low and high risk prenatal 
care. This is timely and relevant given that individu-
al-level risk factors (including biomarkers) have shown 
a low discriminatory accuracy in predicting PTB,18 20 
resulting in ineffective early identification of women at 
risk for delivering preterm infants. Therefore, this study 
developed and internally validated a predictive model 
to examine the ability of neighbourhood SES to predict 
PTB.

Methods
Data sources
This study combined existing data sets from two commu-
nity-based prospective pregnancy cohort studies in 
Alberta, Canada: All Our Families (AOF: n=3341) and 
Alberta Pregnancy Outcome and Nutrition (APrON: 

Figure 1  Flowchart of study cohort. *Participants who were 0–13 weeks of gestation during the recruitment were eligible 
to fill out the questionnaire 2. **Participants who were 0–26 weeks of gestation during recruitment were eligible to fill out the 
questionnaire 3.

 on June 6, 2023 by guest. P
rotected by copyright.

http://bm
jopen.bm

j.com
/

B
M

J O
pen: first published as 10.1136/bm

jopen-2018-025341 on 20 F
ebruary 2019. D

ow
nloaded from

 

http://bmjopen.bmj.com/


3Adhikari K, et al. BMJ Open 2019;9:e025341. doi:10.1136/bmjopen-2018-025341

Open access

n=2187)) (figure 1). The description and comparability 
of these two cohort studies is available elsewhere25 26 and 
justifies combining these data sources.27 Briefly, each 
cohort study had similar recruitment periods (2008–
2012), inclusion criteria, sampling design and data-col-
lection methods.25 26 Both studies collected data on 
socio-demographics, lifestyle, social support, depression 
and PTB25—the core individual-level variables necessary 
for this research.

We obtained two de-identified cohort datasets linked 
with neighbourhood SES data from Secondary Anal-
ysis to Generate Evidence, the secure data repository 
developed by PolicyWise for Children & Families, which 
houses these data  sets. Neighbourhood SES data were 
measured by the median personal income and the 
Pampalon material deprivation index (both measures 
were derived from 2011 Statistics Canada census),28 29 
which were both aggregated at the dissemination area 
(DA) level. DA is the smallest geographic unit available 
in the Canadian census, consisting of 400–700 persons.30 
The Pampalon material deprivation index is a composite 
measure of neighbourhood SES that combines the 
proportion of persons without high-school diplomas 
(education), the average personal income (income) 
and the rate of unemployment (employment) within 
the DA.28

Patient and public involvement
This study used de-identified secondary data. Patients 
and public were not involved in this study.

Data harmonisation and combination
Individual-level variables in the two studies were harmon-
ised in each data set considering multiple factors. These 
factors included whether the variables were completely or 
partially identical regarding question asked/responded, 
the response coded (value level, value definition, data 
type), the frequency of measurement, the pregnancy 
time-point of measurement and missing values. If the vari-
ables were an exact match for each of these factors, they 
were pooled as is. If the variables were partially matched, 
data harmonisation was performed considering these 
multiple factors. The variables were deemed completely 
un-matched were not combined; thus, they were not 
included in this study. However, no important variables 
had to be excluded from the study due to this reason. 
Once the selected variables were harmonised in each 
data  set, the two data  sets were appended into a single 
new data  set. Women who participated in both studies 
(n=231) were counted only once.

The harmonised variables included maternal age, 
marital status, ethnicity, duration of stay in Canada, body 
mass index, parity, education, household income, depres-
sion during pregnancy, smoking/alcohol consumption 
and drug abuse before the pregnancy. Deliveries that 
occurred before the completion of 37 weeks of gestation 
were considered as PTB.

Data analysis
Univariate analysis was performed to observe the distri-
bution of each variable. Bivariate analysis using χ2 tests 
was performed to identify individual-level variables asso-
ciated with PTB (p<0.25). Multi-variable conventional 
logistic regression models, followed by multilevel logistic 
regression models, as outlined by Merlo et al,23 were devel-
oped using bootstrapped samples with 1000 replications 
(training dataset) (online  supplementary appendix 1). 
Missing data were deleted using variable wise or pair-wise 
deletion approach for bivariate analysis, followed by the 
listwise deletion approach for regression models. All anal-
yses were performed using STATA/IC software V.14.1.

Model validation and model performance assessment
The bootstrap procedure was employed for internal vali-
dation of the model.19 31 Model performance was eval-
uated in the original sample (validation data  set) using 
measures of model calibration (the correspondence 
between predicted and observed outcome rates), risk 
stratification capacity (proportion of women categorised 
as low risk vs high risk or the distribution of the women 
in each predicted risk category), and classification perfor-
mance or discrimination accuracy (true-positive and 
false-positive rates, positive and negative predictive values, 
positive and negative likelihood ratios and area under the 
receiver-operating characteristic curve (AUC)). To obtain 
these measures, the predicted probability of PTB for 
each woman was estimated and was categorised into four 
risk groups (<5%, ≥5%–10%, ≥10–15% and ≥15%). The 
difference in AUC estimates between the bootstrapped 
sample and the original sample was assessed as described 
by optimism.19 31 Data on prenatal care and previous PTB 
were not available in APrON cohort data  set. A sensi-
tivity analysis was performed using only the AOB dataset, 
whereby two variables—previous PTB and total number 
of prenatal care visits—were added to the final models 
(conventional logistic regression model and multilevel 
random effect model) to assess whether addition of these 
variables improved model performance.

Results
The total sample size from the combined cohort was 
5297. The proportion of missing data ranged from 1.52% 
for depression to 7.51% for gestational age at delivery. 
The majority of women were younger than 35 years, were 
married or living with a common-law partner, were Cauca-
sian and approximately half of the women were primip-
arous. Almost three-quarters of women had completed 
more than high-school education and had a household 
income ≥$70,000, while approximately one-quarter of 
women were living in the least deprived neighbourhood 
(table 1). Overall, 7.26% (95% CI: 6.57 to 8.07) of women 
delivered preterm infants, with 7.54% among women 
living in the least deprived neighbourhoods and 10.64% 
among women living in the most deprived neighbour-
hoods. Compared with women who delivered at term, 
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Table 1  Distribution of maternal characteristics across preterm birth status*

Variables

Overall (n=5297)
Preterm Birth (Gestational 
Age <37 weeks) n=356

Term Birth (Gestational Age 
≥37 weeks) n=4546 χ2

p valuen (%) 95% CI n (%) 95% CI n (%) 95% CI

Maternal age 0.332

 � <35yrs 4117 (79.23) 78.10 to 80.31 269 (77.08) 72.36 to 81.19 3541 (79.27) 78.05 to 80.43

 � ≥35yrs 1079 (20.77) 19.68 to 21.89 80 (22.92) 18.80 to 27.63 926 (20.73) 18.80 to 27.63

Marital status 0.657

 � Single/divorced/separated 262 (5.06) 4.49 to 5.69 17 (4.96) 3.10 to 7.83 198 (4.44) 3.87 to 5.09

 � Married/common-law 4916 (94.94) 94.30 to 95.50 326 (95.04) 92.17 to 96.89 4260 (95.56) 94.91 to 96.13

Ethnicity 0.004

 � White/Caucasian 4085 (78.98) 77.85 to 80.07 253 (73.76) 68.83 to 78.15 3574 (80.28) 79.08 to 81.42

 � Others 1087 (21.02) 19.93 to 22.15 90 (26.24) 21.85 to 31.16 878 (19.72) 18.58 to 20.92

Duration of stay in Canada 0.061

 � <5 years 473 (9.26) 8.49 to 10.08 39 (11.64) 8.61 to 15.54 380 (8.63) 7.84 to 9.25

 � Born/5 years+ 4636 (90.74) 89.91 to 91.51 296 (88.36) 84.45 to 91.38 4022 (91.37) 90.50 to 92.16

Body mass index 0.001

 � Underweight  
(<18.5 kg/m2)

214 (4.33) 3.80 to 4.94 12 (3.69) 2.10 to 6.39 180 (4.23) 3.66 to 4.87

 � Normal weight  
(18.5– 24.99)

3084 (62.45) 61.09 to 63.79 183 (56.31) 50.85 to 61.62 2694 (63.28) 61.82 to 64.72

 � Overweight  
(25–29.99 kg/m2)

1066 (21.59) 20.46 to 22.76 72 (22.15) 17.69 to 27.00 924 (21.71) 20.49 to 22.97

 � Obesity (≥30 kg/m2) 574 (11.62) 10.76 to 12.54 58 (17.85) 14.05 to 22.40 459 (10.78) 9.88 to 11.75

Parity 0.004

 � Primiparous 2649 (51.27) 49.90 to 52.63 201 (58.94) 54.64 to 64.80 2266 (50.92) 49.45 to 52.39

 � Multiparous 2518 (48.73) 47.37 to 50.09 140 (41.06) 35.19 to 45.36 2184 (49.08) 47.61 to 50.54

Intended pregnancy 0.805

 � Yes 4175 (80.51) 79.40 to 81.56 62 (18.02) 14.30 to 22.45 829 (18.58) 17.46 to 19.75

 � No 1011 (19.49) 18.44 to 20.60 282 (81.98) 77.54 to 85.69 3633 (81.42) 80.25 to 8253

Smoked before pregnancy 0.062

 � Yes 1095 (21.13) 20.04 to 22.26 259 (75.29) 70.44 to 79.57 3547 (79.53) 78.31 to 80.68

 � No 4088 (78.87) 77.74 to 79.96 85 (24.71) 20.43 to 29.55 913 (20.47) 19.31 to 21.68

Alcohol consumption before pregnancy 0.531

 � Yes 4363 (84.13) 83.11 to 85.10 49 (14.24) 10.93 to 18.36 692 (15.51) 14.47 to 16.60

 � No 823 (15.87) 14.90 to 16.89 295 (85.76) 81.64 to 89.07 3770 (84.49) 83.39 to 85.52

Drug abuse before pregnancy 0.519

 � Yes 750 (14.48) 13.54 to 15.46 290 (84.30) 80.06 to 87.78 3814 (85.57) 84.51 to 86.57

 � No 4430 (85.52) 84.53 to 86.45 54 (15.70) 12.22 to 19.94 643 (14.43) 13.42 to 15.49

Maternal education 0.917

 � Less than high school 174 (3.37) 2.91 to 3.90 11 (3.22) 1.79 to 5.72 126 (2.84) 2.39 to 3.37

 � Completed high school 893 (17.31) 16.29 to 18.36 56 (16.37) 12.81 to 20.69 722 (16.25) 15.19 to 17.36

 � More than high school 4093 (79.32) 78.19 to 80.40 275 (80.41) 75.85 to 84.28 3595 (80.91) 79.73 to 82.04

Household income 0.436

 � ≥$100 000 2659 (52.52) 51.14 to 53.89 176 (52.54) 47.17 to 57.84 2358 (53.98) 52.50 to 55.45

 � $70 000 to <$100,000 1204 (23.78) 22.63 to 24.97 74 (22.09) 17.96 to 26.86 1059 (24.24) 22.99 to 25.53

 � $40 000 to <$70,000 723 (14.28) 13.34 to 15.27 51 (15.22) 11.75 to 19.49 591 (13.53) 12.55 to 14.57

 � <$40 000 477 (9.42) 8.64 to 10.25 34 (10.15) 7.33 to 13.88 360 (8.24) 7.46 to 9.09

Continued
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a higher proportion of women who delivered preterm 
infants were primiparous, non-white, obese and were 
living in the most deprived neighbourhood (table 1).

As shown in table 2, a conventional logistic regression 
model that included individual-level predictors (parity, 
ethnicity, body mass index, smoking, depression and 
household income) showed an AUC of 0.60 (95% CI: 0.56, 
0.63). The multi-level model that included individual-level 
predictors and a random effect at the neighbourhood 
level showed large variation in PTB at the  neighbour-
hood level (neighbourhood variance: 0.20, intracluster 
correlation (ICC): 5.72%, median OR (MOR): 1.53), 
with an AUC of 0.75 (95% CI: 0.73, 0.78). After inclusion 
of neighbourhood SES (deprivation index) in the multi-
level model, although deprivation index was not signifi-
cantly associated with PTB (OR: 1.19, 95% CI: 0.78, 1.79), 
neighbourhood variance decreased to 0.15, the ICC to 
4.45% and the MOR to 1.46, with an AUC of 0.75 (95% 
CI: 0.73, 0.78). The MOR of 1.46 for PTB indicates that 
in the median case, the residual heterogeneity between 
neighbourhoods increased by 1.46 times the individual 
odds of PTB when randomly picking out two persons in 
different neighbourhoods. Furthermore, the multi-level 
model that contained median personal income, as a 
measure of neighbourhood SES, showed similar variance 
as the model that contained deprivation index.

Predicted probabilities of PTB in the multi-level model 
that contained individual-level predictors and depriva-
tion index ranged from 2.77% to 27.00%. Calibration 

of the model predicting PTB was adequate, as shown by 
an agreement between the model-predicted probability 
for PTB and the proportion of observed PTB, particu-
larly for low-risk categories. Specifically, the observed 
PTB rate within the predicted risk category of ≥5%–10% 
was 7.30%, which falls within the risk category range; the 
same was true for the risk category of <5%. The risk-strat-
ification capacity of the model was adequate; it assigned 
women to the different risk of PTB, where almost 90% of 
women were assigned to low-risk category (table 3).

The classification accuracy of the model ranged 
from 33.09% to 92.30% in the different predicted risk 
categories: the proportion of women with preterm 
delivery who were identified as high risk for PTB 
(sensitivity) ranged from 5.70% to 91.80% and the 
proportion of women without preterm delivery who 
are identified as low risk (specificity) ranged from 
28.50 to 99.10. The positive and negative likelihood 
ratios of the model for the highest predicted risk cate-
gory for PTB were 6.22 and 0.95, respectively. The 
difference in the AUCs between the bootstrap sample 
(AUC: 0.75, 95% CI: 0.73, 0.78) and original sample 
(AUC: 0.75, 95% CI: 0.73, 0.78) was negligible (ie, 
optimism: 0.0001). While the multi-level model that 
contained median personal income showed similar 
model performance as the model that contained the 
deprivation index (except for sensitivity and positive 
predictive values for the highest risk category), the 
logistic regression model that included individual-level 

Variables

Overall (n=5297)
Preterm Birth (Gestational 
Age <37 weeks) n=356

Term Birth (Gestational Age 
≥37 weeks) n=4546 χ2

p valuen (%) 95% CI n (%) 95% CI n (%) 95% CI

Social support anytime during pregnancy 0.216

 � Adequate 4053 (77.93) 76.78 to 79.03 263 (75.79) 70.99 to 80.01 3514 (78.63) 77.40 to 79.81

 � Inadequate 1148 (22.07) 20.96 to 23.22 84 (24.21) 19.98 to 29.00 955 (21.37) 20.19 to 22.59

Depression anytime during pregnancy

 � Yes 1311 (25.14) 23.98 to 26.33 96 (27.67) 23.20 to 32.61 1086 (24.21) 22.97 to 25.48 0.149

 � No 3904 (74.86) 73.66 to 76.02 251 (72.33) 67.38 to 76.94 3400 (75.79) 74.51 to 77.02

Neighbourhood deprivation index 0.002

 � Quintile 1 (least deprived) 1323 (27.08) 25.85 to 28.35 93 (26.12) 21.81 to 30.94 1176 (27.68) 26.36 to 29.05

 � Quintile 2 1259 (25.77) 24.56 to 27.01 76 (21.35) 17.39 to 25.92 1119 (26.34) 25.04 to 27.69

 � Quintile 3 972 (19.90) 18.80 to 21.04 71 (19.94) 16.10 to 24.43 839 (19.75) 18.58 to 20.97

 � Quintile 4 736 (15.07) 14.09 to 16.09 52 (14.61) 11.30 to 18.67 639 (15.04) 13.99 to 16.15

 � Quintile 5 (most deprived) 595 (12.18) 11.29 to 13.14 64 (17.98) 14.32 to 22.32 475 (11.18) 10.27 to 12.16

Neighbourhood median personal income 0.054

 � Quintile 1 (least deprived) 1549 (31.05) 29.78 to 32.35 106 (29.78) 25.24 to 34.74 1369 (31.49) 30.12 to 32.89

 � Quintile 2 1403 (28.13) 26.89 to 29.39 96 (26.97) 22.60 to 31.82 1229 (28.27) 26.95 to 29.63

 � Quintile 3 881 (17.66) 16.62 to 18.74 57 (16.01) 12.55 to 20.20 776 (17.85) 16.74 to 19.01

 � Quintile 4 666 (13.35) 12.43 to 14.32 47 (13.20) 10.06 to 17.14 574 (13.20) 12.22 to 14.24

 � Quintile 5 (most deprived) 489 (9.80) 9.00 to 10.66 50 (14.04) 10.80 to 18.06 399 (9.18) 8.35 to 10.07

*Sample size between variables differs as missing values were deleted using variable wise or pair-wise deletion approach.

Table 1  Continued 
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variables showed lower model performance (table  3 
and figure 2). In the sensitivity analysis, the addition 
of variables related to prenatal care visits and previous 
PTB did not change the model performance. The 

AUC increased by 2.00% for the conventional logistic 
regression model but did not increase for the multi-
level random effect model that contained the neigh-
bourhood SES variable.

Table 2  Predictive models for preterm birth*

Model 1† Model 2‡ Model 3§

OR (95% CI) OR (95% CI) OR (95% CI)

Ethnicity

 � White/Caucasian (ref) – – –

 � Non-white 1.50 (1.11 to 2.04) 1.48 (1.11 to 1.96) 1.49 (1.13 to 1.99)

Parity

 � Multiparous (ref) – – –

 � Primiparous 1.49 (1.21 to 1.84) 1.52 (1.19 to 1.93) 1.53 (1.20 to 1.95)

Body mass index

 � Normal weight (ref) – – –

 � Underweight 0.99 (0.46 to 2.10) 1.01 (0.47 to 1.14) 1.00 (0.35 to 2.83)

 � Overweight 1.18 (0.88 to 1.57) 1.14 (0.76 to 1.68) 1.13 (0.72 to 1.78)

 � Obesity 1.94 (1.41 to 2.65) 1.95 (1.25 to 3.04) 1.95 (1.16 to 3.30)

Smoked before pregnancy

 � No (ref) – – –

 � Yes 1.20 (0.90 to 1.60) 1.19 (0.78 to 1.79) 1.19 (0.77 to 1.82)

Depression during pregnancy

 � No (ref) – – – 

 � Yes 1.10 (0.84 to 1.46) 1.12 (0.76 to 1.66) 1.13 (0.74 to 1.71)

Household income

 � ≥$100 000 (ref) – – – 

 � $70 000 to <$100 000 0.82 (0.61 to 1.12) 0.82 (0.51 to 1.33) 0.84 (0.55 to 1.28)

 � $40 000 to <$70 000 0.75 (0.70 to 1.31) 0.96 (0.57 to 1.62) 0.99 (0.58 to 1.69)

 � <$40 000 0.92 (0.71 to 1.66) 1.05 (0.60 to 1.81) 1.10 (0.63 to 1.88)

Neighbourhood SES – 

 � Q1 least deprived (ref) – – 

 � Q2 0.86 (0.53 to 1.39) 0.97 (0.64 to 1.49)

 � Q3 0.96 (0.58 to 1.59) 0.87 (0.52 to 1.47)

 � Q4 0.99 (0.60 to 1.58) 0.90 (0.51 to 1.59)

 � Q5 most deprived 1.20 (0.63 to 1.85) 1.01 (0.55 to 1.86)

Neighbourhood-level variance – 0.15 (0.03 to 0.89) 0.14 (0.03 to 0.88)

ICC (%)¶ – 4.45 (0.07 to 23.25) 4.27 (0.06 to 23.59)

MOR – 1.46 1.44

Proportion of neighbourhood level variance 
explained by neighborhoodneighbourhood SES (%)

– 25.00 25.16

AUC 0.60 (0.56 to 0.63) 0.75 (0.73 to 0.78) 0.75 (0.72 to 0.77)

*Prediction models were developed in bootstrapped samples with 1000 replications.
†Conventional logistic regression model that includes individual level predictors.
‡Multilevel logistic regression model that includes random intercept at neighbourhood level, neighbourhood deprivation index and all the 
individual level predictors contained in the logistic regression model.
§Multi-level logistic regression model that includes random intercept at neighbourhood level, neighbourhood median personal income and all 
the individual level predictors contained in the logistic regression model.
¶ICC calculation follows standard logistic distribution with variance π2/3 for the level 1, where π denotes the mathematical constant 3.1416.
AUC, area under the receiver operating characteristic curve; ICC, intra-cluster correlation; MOR, median OR. 
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Discussion
Main findings
This study developed and internally validated a predic-
tion model to examine the ability of neighbourhood 
SES to predict the risk of PTB. This study found that 
approximately 6% of the total variance in PTB was attrib-
utable to neighbourhood circumstances (ICC: 5.72%), 
and neighbourhood SES explained one quarter of the 
neighbourhood-level variation in PTB. Neighbourhood 
SES combined with individual-level predictors (parity, 
ethnicity, body mass index, smoking, depression and 
household income) predicted the risk of delivering a 
preterm infant with an AUC of 0.75. The sensitivity was 
91.80% at a lowest risk threshold, with a cost of high 
false-positive (71.50%), and the sensitivity was 5.70% at 
a highest risk threshold, with a low false-positive (0.90%). 
Neighbourhood SES combined with individual-level 
predictors had a good risk stratification and a modest cali-
bration ability for identifying woman at risk for delivering 
a preterm infant.

Interpretation
Model discrimination (measured by AUC) was improved 
substantially when we combined individual-level predic-
tors with neighbourhood level information. While it 
has been previously demonstrated that individual-level 
predictors including maternal characteristics, clinical 
risk factors and biomarkers have low discriminatory accu-
racy in predicting the risk of PTB (AUC ranged from 
0.60 to 0.67),18 20 our study enhances our understanding 
that adding the neighbourhood-level information can 
improve the discriminatory accuracy of PTB. Further-
more, it is important to note that a multi-level model that 
included a random effect for neighbourhood and individ-
ual-level information gives the maximum AUC that can be 
obtained by combining available individual-level informa-
tion and the neighbourhood identity.23 Neighbourhood 
identity captures the totality of potentially observable and 
unobservable neighbourhood factors.23 32 33

As suggested by the classification performance of the 
model including neighbourhood SES and individual-level 
predictors, a large proportion of women who were iden-
tified as high risk actually did not deliver preterm. Posi-
tive predictive value was improved, but still too low, as the 
predicted risk threshold increased, which was related to 
the high proportion of PTB in the threshold. The model 
had low sensitivity (5.70%) at the highest risk threshold, 
with a low false-positive value (0.90%). This means that a 
substantial number of women who were at high risk for 
delivering PTB would be identified as low risk.34 The LR 
positive test was improved (up to 6.22) for the highest risk 
threshold; however, this group only includes <6% of total 
women who actually delivered preterm. This dichotomy 
between improved LR and poor detection rates has also 
been noted previously.35

While the prediction of PTB risk using neighbour-
hood SES is suboptimal, other commonly recognised risk 
factors for PTB also failed to sufficiently predict PTB. For 
example, it has been noted that a history of prior PTB 
has an LR +of 3.24, short cervical length has an LR +of 
2.0 and vaginal fetal fibronectin has an LR  +of 3 in 
predicting PTB.36 Similarly, for a fixed false-positive rate 
of 10%, maternal characteristics and obstetrical history 
have a sensitivity of 27.5% for PTB with an AUC of 0.61.20 
The less optimal predictive performance for identifying 
the risk of PTB may be related to the complex under-
lying aetiology of PTB, and a combination of multiple 
aspects of predictors (such as biomarkers, clinical risk 
factors, socio-demographics and health behaviours) may 
be required to adequately predict such an outcome.35 37 
Our study further shows that inclusion of neighbourhood 
SES along with multiple individual-level predictors would 
further improve the prediction of PTB. Altogether, it 
implies that identification of women at risk for delivering 
preterm infants should rely on multiple factors, and even 
women identified as low risk for PTB may need further 
monitoring/assessment and high-quality prenatal care 
should be universal.

Figure 2  Receiver-operating characteristic curves of models predicting preterm birth. a receiver-operating characteristic curves 
of models were assessed in the original sample (study sample); predictors in figure 2A included individual level variables, ie, 
parity, ethnicity, body mass index, smoking, depression and household income; predictors in figure 2B included neighbourhood 
deprivation index and individual level variables; predictors in figure 2C included neighbourhood median personal income and 
individual level variables.
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Our findings on neighbourhood variation and clus-
tering of PTB suggest that pregnant women from the 
same neighbourhoods are more similar to each other 
than to women from different neighbourhoods with 
respect to the risk of PTB, and that some portion of this 
variation is related to neighbourhood SES. Overall, this 
finding reflects the presence of health disparities in PTB 
between neighbourhoods in Alberta and justifies the 
relevance of neighbourhood including neighbourhood 
SES and neighbourhood targeted interventions. Further-
more, the share of the variance in PTB that are explained 
by neighbourhood-level variance (as measured by ICC) 
offers an  understanding about the discriminatory accu-
racy as it corresponds to the AUC23; when the ICC is high, 
the AUC is also high.23 However, previous research has 
emphasised identifying neighbourhood-level risk factors 
associated with PTB or causal effects, which is difficult 
to establish due to the potential challenges. These chal-
lenges include reverse causation between neighbourhood 
circumstances and health, unmeasured confounding, 
residential mobility, possibility of same individual vari-
able being confounder and mediator and changes in 
neighbourhood context over the life process.11 12 38 Thus, 
a study aiming to establish a causal association demands 
longitudinal study design with the repeated measurement 
of neighbourhood characteristics and outcomes over 
time in life-course processes.11 12 38

Strengths and limitations of study
To our knowledge, our study is the first to develop and 
internally validate a predication model for PTB to investi-
gate the ability of neighbourhood SES to predict the risk 
of PTB, in contrast to the previous studies that examined 
mostly the association between neighbourhood SES and 
PTB. Our finding allows us to understand the relevance 
of area of residence (in general), and more specifically 
area-level SES, in predicting the risk of maternal health 
outcomes. Our study used the simplest multilevel struc-
ture with individual -level  and neighbourhood-level 
predictors of PTB, data which can be easily collected in 
both community and clinical settings.

Our findings should be interpreted with a consideration 
of the limitations of our study. We were not able to sepa-
rate-out spontaneous and iatrogenic PTB in the model due 
to data limitations; the predictive performance might be 
improved with a focus on spontaneous PTB. Our sample 
over-represents women from urban areas of Alberta, with 
high SES,26 39 40 thus limiting the generalizability of the find-
ings to urban settings. The observed predictive ability of 
neighbourhood SES would have been underestimated as 
the relevance of neighbourhood SES status might be higher 
for those with low SES. Although the observed small differ-
ence in discriminatory accuracy between the bootstrapped 
sample and the original sample provided us a confidence 
about the reproducibility of our prediction model, as the 
model was internally validated, it possibly showed artifi-
cially high performance; thus, model validation should be 
confirmed against external data. Use of area-based variables, 

where women living in the same area share the same value 
for the variable, can be a methodological problem. Results 
on outcomes could be affected by what geographical level or 
unit we choose to define area in the study. Individuals who 
live in the same area may also experience different contex-
tual influences from many other areal units, and the timing 
and duration in which individuals experienced these contex-
tual influences is also uncertain. Thus, it is hard to interpret 
neighbourhood influences on outcomes, including the 
performance of the model that contains neighbourhood 
level variable. However, we defined neighbourhoods using 
smallest area (ie, dissemination area), where people living 
in the smallest area are more likely to be similar for the 
outcomes, and used multi-level analysis that accounts for 
area-level variation, an appropriate analytical approach for 
multi-level data.

Conclusion
Although the predictive performance of the model that 
contained neighbourhood SES and individual level predic-
tors was better compared with the performance of indi-
vidual level predictors alone, the performance was too low to 
consider its application in clinical or public health practices. 
While the development and validation of our predictive 
model is an important first  step towards the early identifi-
cation of women at high risk for PTB based on neighbour-
hood risk assessment, a clinically relevant validated model to 
predict the risk of PTB is yet to be identified. Future studies 
could develop a prediction model for PTB considering 
other clinically relevant individual and neighbourhood-level 
predictors, separating out spontaneous and iatrogenic PTB 
in the model, and externally validating their results to opti-
mise the prediction and to improve its usefulness. The appli-
cation of clinically useful prediction model would support 
healthcare providers and public health practitioners to 
make informed decisions on their care by improving their 
ability to identify woman most at risk of delivering preterm. 
As such, community-level interventions combined with an 
individual-centred approach that attempts to change neigh-
bourhood circumstances (health promoting or damaging 
features of neighbourhood including SES) and population 
characteristics (with focus to modifiable predictors) may be 
effective in reducing the incidence of PTB.
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