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Interrupted Time Series?

• A time series of a particular outcome of interest used to establish an underlying trend 
which is interrupted by an intervention at a known point in time

• ITS analysis is also known as Segmented Regression

• Assess population level intervention
o Policy/protocol change
o Legislative change

• Evaluate impacts of large-scale health policies



When to use ITS analysis

• Intervention occurs at a known point in time

• Well differentiated pre/post periods

• Sufficient data pre/post

• Best with relatively short term outcome

• To evaluate intervention effect
o Change in level (immediate effect)
o Change in slope (gradual effect)



When to use ITS

Bernal et al, 2017



ITS Basic Model

• T: time elapsed since the start of the study 
(month, year, quarter)

• Xt: binary variable indicating the post-
intervention (Xt=1 post-intervention)  

• Yt: the outcome of interest

• β0 : baseline level at t=0

• β1 : slope pre intervention

• β2 : mean level change

• β3 : change in slope following intervention

E(Yt) = β0 +β1𝑇 +β2𝑋t +β3𝑇𝑋t



ITS Examples
1. Outcomes for Pediatric Asthmatic Inpatients After 
Implementation of an Emergency Department Dexamethasone 
Treatment Protocol (Tyler 2019)

• Compare outcomes before and after protocol change in the 
ED of adoption of dexamethasone for treatment of acute 
asthma exacerbation 

• Individual level data (with repeated measures)
• Logistic and log gamma models
• Covariates: age, race, financial class, season, admitting 

service, first asthma score, and need for continuous albuterol.
• Adjusted results:

• No significant immediate differences
• The risk of ICU transfers was stable pre-PC and 

increased by 10% (2%–19%) per month in the post-PC 
period



ITS Examples
2. Reduction in hospital admissions for acute 
coronary syndrome after the successful 
implementation of 100% smoke-free legislation in 
Argentina: a comparison with partial smoking 
restrictions (Ferrante, 2012)
• Effect of full and partial smoke free legislation

on acute coronary syndrome (ACS) admissions
• Multiple linear regression analysis
• Aggregate data, age standardized ACS
• Covariate seasonal trend
• Results:

• Santa Fe-Immediate change (−2.5 admissions per 
100 000, (−4.74, −0.26), and a persistent change after 
the implementation of the law (post-law trend: 0.26 fewer 
admissions per 100 000 inhabitants per month, (−0.39,-
0.13).

• Buenos Aires city- no immediate effect or a change in the 
trend.



ITS Example-
The association between legalization of recreational marijuana and 
birth outcomes in Colorado

• Data
o Colorado Department of Public Health and Environment Vital Statistics Program, Birth Certificate Data for all 

live Births in Colorado 2012-2016 (n=~270k)
o Colorado State Demography Office (population projections) 
o Colorado Department of Public Safety (marijuana retail license counts)

• Outcomes
o Small for gestational age (SGA)=Birth weight < 10th percentile
o NICU admission for infants born >35 weeks 

• Additional Exposure
o Marijuana outlet density (MOD) in maternal county of residence

§ None (0 per 100,000 population)
§ Low (<17 per 100,000 population)
§ High (>=17 per 100,000 population)

• Covariates
o Maternal age, Race, Ethnicity, Education, Hypertension, Elevation of residence, Smoking during pregnancy, 

Drinking during pregnancy, Early prenatal visits



Intervention

Medical Marijuana 
Legal 

Amendment 20
Nov. 2000

First observation in 
data Jan 1, 2012 

Recreational Marijuana 
Legal

Amendment 64
Nov. 2012

Marijuana 
Dispensaries open Jan 

1, 2014
Last observation in 
data Dec 31, 2016



Exposure



ITS Model/Plan

• ITS Model with Exposure group

Yt=β0 + β1T+ β2Xt + β3ZL+ β4ZH +BV

+β5TXt +β6ZLXt +β7ZHXt +β8ZLT+β9ZHT+β10ZLTXt+β11ZHTXt+εt
Where:

T= time elapsed since the start of the study (month)
X=binary variable indicating the post-legalization
Z=exposure variable three levels (High, Low, None(ref))
V=covariates

• Analysis Plan
o Remove washout period Jan 1, 2014-Oct.1, 2014
o Simple Logistic Regression
o Aggregate predicted values by month
o Graph aggregated predicted values with observed values
o Multivariable Logistic Regression



ITS- Small for Gestational Age 



ITS- NICU Admissions



Results - SGA

SGA Outcome

*Adjusted for maternal 
age, race, ethnicity, 
education, hypertension, 
elevation of residence, 
smoking or drinking during 
pregnancy, and early 
prenatal visits

MJ 
Stores 
Density

Effect Adjusted Odds 
Ratio* (95% CI)

pvalue

None Trend pre legalization 1.01 (1.00.1.02) 0.0100

Trend post legalization 1.00 (0.99,1.01) 0.96

Immediate change post legalization 0.82 (0.66,1.01) 0.07

Low Trend pre legalization 1.00 (1.00.1.01) 0.0042

Trend post legalization 1.00 (0.99,1.00) 0.76

Immediate change post legalization 0.93 (0.86,1.01) 0.10

High Trend pre legalization 1.00 (0.99.1.01) 0.73

Trend post legalization 1.00 (0.99,1.00) 0.94

Immediate change post legalization 0.99 (0.85,1.14) 0.85

High vs 
Low

Difference in baseline risk 1.16 (1.06,1.27) 0.0020

High vs 
None

Difference in baseline risk 1.41 (1.22,1.64) <0.0001

Low vs 
None

Difference in baseline risk 1.22 (1.07,1.40) 0.0031



Results - NICU 

NICU Outcome

*Adjusted for maternal 
age, race, ethnicity, 
education, hypertension, 
elevation of residence, 
smoking or drinking during 
pregnancy, and early 
prenatal visits

MJ 
Stores 
Density

Effect Adjusted Odds 
Ratio* (95% CI)

pvalue

None Trend pre legalization 1.00 (0.99,1.02) 0.58

Trend post legalization 0.99 (0.98,1.01) 0.44

Immediate change post legalization 1.18 (0.80,1.72) 0.39

Low Trend pre legalization 1.00 (0.99,1.01) 0.38

Trend post legalization 1.01 (1.00,1.01) <0.0001

Immediate change post legalization 0.95 (0.85,1.07) 0.46

High Trend pre legalization 0.99 (0.98,1.00) 0.11

Trend post legalization 1.03 (1.02,1.03) <0.0001

Immediate change post legalization 1.06 (0.83,1.36) 0.64

High vs 
Low

Difference in baseline risk 0.91 (0.78,1.05) 0.20

High vs 
None

Difference in baseline risk 1.59 (1.22,2.06) 0.0005

Low vs 
None

Difference in baseline risk 1.76 (1.39,2.21) <0.0001



Strengths of ITS

• Evaluate for intervention effects while accounting for underlying time trends.

• Assess whether intervention effects are short lived or sustained over time

• Can be conducted with population data or individual level data

• Account for time varying confounders 

• Stronger design when control series is included

• Intuitive visual displays of results

• Small population, acting as own control

• Alternative designs for more complex interventions (multiple interventions)



Limitations of ITS

• Limits
o Need stable data and large number of time points 
o Control series may not exist
o When using population level data ITS cannot be used to make individual level outcome inferences
o Challenging with rare outcomes
o No graphical representation of adjusted model
o Interaction estimates can be difficult to interpret

• Threats  to Internal Validity
o Factors other than the intervention may influence the outcome(competing interventions )
o Changes in the ability to measure the outcome (missing data)
o Selection bias (composition of intervention group differs from that of pre group)



ITS using aggregated data

• Outcome:
o Averages
o Rates
o Proportions

• Methodological issues (aspects of modeling)
o Autocorrelation
o Seasonality
o Stationarity
o Covariates at the aggregate level
o Overdispersion for count/binary data



Other methodological considerations

• More complex models, e.g. using GLMM, GAMM, models addressing serial correlation  
(autocorrelation, ARIMA )

• Outliers – sensitivity analyses

• Missing data – differing missing amount and patterns might be reflected in the 
aggregated data

• When there is a control group observed over time, this is often referred to as 
Difference in Difference analysis or controlled ITS



Summary

• ITS is a strong quasi-experimental approach for evaluating longitudinal effects of 
interventions
o Factors other than intervention might influence the outcome

• ITS is a simple and powerful study design for evaluating the effectiveness of 
population-level interventions

• ITS allows for considerable design flexibility
o Multiple interventions
o Time varying covariates
o Serial correlation
o Various modeling techniques



References

• Penfold, Robert B., and Fang Zhang. "Use of interrupted time series analysis in evaluating health care quality improvements." Academic 
pediatrics 13.6 (2013): S38-S44.

• Handley, Margaret A., et al. "Selecting and improving quasi-experimental designs in effectiveness and implementation research." Annual review 
of public health 39 (2018): 5-25.

• Kontopantelis, Evangelos, et al. "Regression based quasi-experimental approach when randomization is not an option: interrupted time series 
analysis." bmj 350 (2015): h2750.

• National Academies of Sciences, Engineering, and Medicine. Improving Health Research on Small Populations: Proceedings of a Workshop. 
National Academies Press, 2018.

• Wagner, Anita K., et al. "Segmented regression analysis of interrupted time series studies in medication use research." Journal of clinical 
pharmacy and therapeutics 27.4 (2002): 299-309.

• Linden, Ariel. "Conducting interrupted time-series analysis for single-and multiple-group comparisons." The Stata Journal15.2 (2015): 480-500.
• Lockwood J, Moss A, Beck A, Francis I, Schmoll E, Wymore E. The association between the legalization of recreational marijuana and both small 

for gestational age births and NICU admissions in Colorado. J Perinatol. 2019 Sep;39(9):1165-1174. doi: 10.1038/s41372-019-0416-8. Epub
2019 Jul 3. PMID: 31270431.

• Beard, Emma, et al. "Understanding and using time series analyses in addiction research." Addiction 114.10 (2019): 1866-1884.
• Bernal JL, Cummins S, Gasparrini A. Interrupted time series regression for the evaluation of public health interventions: a tutorial. Int J Epidemiol. 

2017 Feb 1;46(1):348-355. doi: 10.1093/ije/dyw098. Erratum in: Int J Epidemiol. 2020 Aug 1;49(4):1414. PMID: 27283160; PMCID: 
PMC5407170.

• Tyler, Amy, et al. "Outcomes for pediatric asthmatic inpatients after implementation of an emergency department dexamethasone treatment 
protocol." Hospital pediatrics 9.2 (2019): 92-99.

• Ferrante D, Linetzky B, Virgolini M, et al. Reduction in hospital admissions for acute coronary syndrome after the successful implementation of 
100% smoke-free legislation in Argentina: a comparison with partial smoking restrictions.Tobacco Control 2012;21:402-406.



ITS SAS Code 

proc genmod data=work.anal2 descending;
class mj_legal(ref='Pre') mjdensity(ref='None')/param=ref;
model SGA = mj_legal time mjdensity mj_legal*time mj_legal*mjdensity time*mjdensity
mj_legal*time*mjdensity /dist=binomial link=logit type3  ;

estimate 'slope 0 density pre legalization ' time 1 / exp ;
estimate 'slope LOW density pre legalization' time 1 time*mjdensity 0 1 / exp ;
estimate 'slope HIGH density pre legalization' time 1 time*mjdensity 1 0 / exp ;
estimate 'slope 0 density post legalization'  time 1 mj_legal*time 1 / exp ;
estimate 'slope LOW density  post legalization' time 1 mj_legal*time 1 time*mjdensity 0 1
mj_legal*time*mjdensity 0 1 / exp ;
estimate 'slope HIGH density post legalization' time 1 mj_legal*time 1 time*mjdensity 1 0
mj_legal*time*mjdensity 1 0 / exp ;

estimate 'change in level 0 density post to pre legalization' mj_legal 1 mj_legal*time 34 /exp; 
*immediate change post in 0 group;
estimate 'change in level Low density post to pre legalization' mj_legal 1 mj_legal*time 34
mj_legal*mjdensity 0 1 mj_legal*time*mjdensity 0 34 /exp;*immediate change post in Low 
group;
estimate 'change in levelHigh density post to pre legalization' mj_legal 1 mj_legal*time 34
mj_legal*mjdensity 1 0 mj_legal*time*mjdensity 34 0 /exp; *immediate change post in High group;
estimate 'change in level High vs LOW pre legalization' mjdensity 1 -1 /exp; 
estimate 'change in level High vs 0 pre legalization' mjdensity 1 0 /exp;
estimate 'change in level LOW vs 0 pre legalization' mjdensity 0 1 /exp;

output out=sgamodel1 pred=pred;

run;



Individual vs Aggregate

Individual D
ata

Aggregate 
Data

Autocorrelation 

Seasonality/stationarity
Confounding
Missing data
Clustering
Power Advantage
GLMM
GLS
GAMM
ARIMA/ARIMAX


