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Abstract 

Background: Multiple-group (controlled) interrupted time series analysis (MG-ITSA) is 

increasingly used to evaluate interventions in healthcare settings when randomized designs are 

infeasible. Simulation-based power analysis has been proposed to support prospective study 

planning in this framework, but uncertainty remains regarding how different approaches to 

autocorrelation adjustment affect power and inferential performance. This study evaluates how 

two commonly used methods (ordinary least squares with Newey-West standard errors [OLS-NW] 

and Prais-Winsten [PW] regression) compare when estimating power and other performance 

measures in MG-ITSA designs with first-order [AR(1)] autocorrelation. 

Methods: A comprehensive Monte Carlo simulation study was conducted based on the standard 

MG-ITSA regression model. Data were generated under a wide range of design conditions, 

including varying numbers of time periods, numbers of control units, effect sizes, and levels of 

first-order autocorrelation. Treatment effects were defined as difference-in-differences in level and 

difference-in-differences in trend. In addition to power, several other performance measures were 

computed, included percentage bias, empirical standard errors, root mean squared error (RMSE), 

95% confidence interval coverage, and Type I error rates. All analyses were conducted using the 

POWER_ITSA package for Stata. 

Results: Across all scenarios, power increased with longer series, larger effect sizes, and more 

control units. OLS-NW consistently produced higher power than PW for both level and trend 

effects, with differences often exceeding 10%. Both methods yielded approximately unbiased 

estimates and nearly identical RMSE. However, important differences in inferential performance 

were observed: OLS-NW resulted in substantially lower confidence interval coverage and 
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markedly inflated Type I error rates, particularly in shorter series, whereas PW maintained near-

nominal coverage and Type I error control across all conditions. 

Conclusions: In MG-ITSA with AR(1) autocorrelation, higher power achieved using OLS-NW 

comes at the cost of poor finite-sample inferential validity. PW provides more reliable hypothesis 

testing and uncertainty quantification, albeit with lower power. These findings highlight a 

fundamental trade-off between power and inferential calibration and underscore the importance of 

aligning estimator choice with study objectives when planning prospective MG-ITSA studies. 

Keywords: Interrupted time series analysis, multiple-group interrupted time series analysis, 

controlled interrupted time series analysis, power, autocorrelation 
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Background 

Interrupted Time Series Analysis (ITSA) is widely applied in healthcare research to evaluate the 

effects of interventions, policy changes, and natural events. This design examines outcomes 

measured as sequential observations collected at consistent intervals, typically representing 

aggregated data such as morbidity or mortality rates, and average expenditures. In most cases, a 

single entity (e.g., hospital or region) is exposed to a “treatment” expected to produce an 

observable shift (“interruption”) in the level and/or trend of the series following implementation 

[1,2]. ITSA is often regarded as having strong internal validity due to its control of regression to 

the mean [1-3] and can also exhibit robust external validity when conducted on population-level 

data or generalized across settings [1,2]. Despite these strengths, the single-group design (SG-

ITSA) suffers from key validity threats. Recent evidence suggests that SG-ITSA may fail to 

account for extraneous influences or may produce misleading conclusions when pre-treatment 

trends already reflect directional change [4]. 

 The limitations of SG-ITSA can be overcome by incorporating one or more control units 

that are comparable to the treated unit on baseline level, outcome trajectory, and other observable 

pre-treatment characteristics [5-9]. This design, known as multiple-group (or controlled) ITSA 

(MG-ITSA), enables the construction of a credible counterfactual for estimating treatment effects 

[10]. 

Despite the increasing application of MG-ITSA in healthcare research (for some recent 

examples, see [11-20]), formal power analyses remain rare because most studies are retrospective, 

rendering prospective power estimation largely inappropriate [21]. Among the limited number of 

prospective studies, methods for calculating power have differed substantially. Fanshawe et al. 

[22], for example, estimated power by fitting autoregressive integrated moving average (ARIMA) 

models to each site’s pre-intervention time series to account for trends and autocorrelation, then 

simulating post-intervention outcomes under prespecified effect sizes for treated sites and 

combining these with control-site forecasts to construct counterfactuals. Yelland et al. [23] appear 

to have relied on cluster-level standard deviations and intra-class correlation to estimate power to 

detect a relative change in outcomes, although their specific procedure was not clearly described. 

Power et al. [24] employed a simpler approach, comparing baseline averages with end-of-study 

averages to compute power. This diversity of approaches highlights the absence of a standardized 

methodology. Although Schochet [25] derived closed-form expressions for power and minimum 



5 

 

detectable effects under clustered fixed-effects models, this framework requires multiple clusters 

and is therefore ill-suited to typical MG-ITSA settings with one treated unit and few controls. To 

address this gap, Linden [26] proposed a simulation-based power analysis using ordinary least 

squares estimation with Newey-West heteroskedasticity- and autocorrelation-consistent (HAC) 

standard errors [27]. 

The current paper extends Linden’s [26] work by comparing power curves and other model 

performance measures derived using OLS with Newey-West standard errors (OLS-NW) to those 

obtained using Prais-Winsten (PW) regression [28]. In contrast to SG-ITSA in which many 

univariate time series models are available to evaluate treatment effects, these two models are 

amongst the limited array of statistical frameworks available for evaluating MG-ITSA designs. 

Although alternative estimators exist, such as those derived from the autoregressive conditional 

heteroskedasticity (ARCH) family (see [29,30] for a comprehensive treatment of econometric time 

series models), their methodological complexity renders them less practical for researchers lacking 

advanced econometric training. In contrast, the OLS-NW approach offers ease of implementation 

and straightforward interpretability, while the PW model, despite its additional transformation 

step, remains relatively accessible and methodologically transparent.  

We conduct a comprehensive simulation study to compare the performance of these two 

methods under a large range of scenarios to address factors unique to the MG-ITSA study design 

when estimating power using time series regression. These factors include the total number of time 

periods under study, the number of control units serving as comparators, varying effect sizes, 

handling of the autocorrelated nature of the data, and the measure of effect which can be expressed 

as either differences in the pre- to post-treatment change in level (i.e. difference in differences in 

level) or differences in the pre- to post-treatment change in trend (i.e. difference in differences in 

trend) of the outcome variable. In addition to power, we compute several other performance 

measures in order to explore sources of observed variation between models. The results of this 

study, as well as the availability of a recently introduced community-contributed package for Stata 

called POWER_ITSA [31], are intended to assist investigators in selecting and implementing the 

most appropriate technique for power estimation in prospective MG-ITSA applications. 

Methods 

The MG-ITSA model 
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The MG-ITSA regression model assumes the following form [7,32]: 

  Yt = β0 + β1Tt + β2Xt + β3XtTt + β4Z + β5ZTt + β6ZXt + β7ZXtTt + ϵt (1) 

where Yt is the aggregated outcome variable measured at each time-point t, Tt is the time since the 

start of the study; Xt is a dummy variable representing the treatment (pre-treatment periods = 0, 

otherwise 1); Z is a dummy variable to denote the cohort assignment (treatment or control); and 

XtTt, ZTt, ZXt and ZXtTt are all interaction terms among these variables. Coefficients β0 – β3 

represent the control group and the coefficients β4 – β7 represent values of the treatment unit. More 

specifically, β0 represents the intercept, or starting level of the aggregated outcome variable of the 

control group; β1 is the slope, or trajectory of the outcome variable for the control group until the 

introduction of the treatment; β2 represents the intercept at the time-point immediately following 

the introduction of the treatment and indicates whether there was a change in the level of the 

outcome immediately following the introduction of the treatment for the control group; β3 

represents the change in slope or trajectory of the outcome in the control group after introduction 

of the treatment until the end of the study; β4 represents the difference in the level (intercept) of 

the outcome variable between the treatment unit and controls prior to the treatment; β5 represents 

the difference in the trajectory (slope) of the outcome variable between the treatment unit and 

controls prior to the treatment; β6 indicates the difference between the treatment unit and controls 

in the predicted level of the outcome variable versus their counterfactuals in the period 

immediately following introduction of the treatment (i.e. difference in differences in level), and β7 

represents the difference between the treatment unit and controls in the slope (trend) of the 

outcome variable after initiation of the treatment compared with pre-treatment (i.e. difference in 

differences in trend) (Linden, 2015). When the random error terms follow an AR(1) process, 

ϵt = ρϵt-1 + ut        (2) 
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where, the autocorrelation parameter ρ is the correlation coefficient between adjacent error terms, 

such that |ρ| < 1, and the disturbances ut are independent N(0,σ2) (see [33] for a detailed discussion 

of autocorrelation in time-series regression models). 

The two parameters (β4 and β5) play a particularly important role in establishing whether 

the treatment unit and controls are balanced on both the level and trend of the outcome variable in 

the pre-treatment period. If these data are from a randomized controlled trial, we would expect 

similar levels and trends prior to the treatment. However, in an observational study where 

equivalence between groups cannot be ensured, any observed differences will likely raise concerns 

about the ability to draw causal inferences about the outcomes [7,32]. For a visual depiction of 

these parameters the reader is referred to [7,34]. 

Estimation approaches 

OLS-NW:  

This approach estimates the time series data using OLS, with statistical inference based on HAC 

standard errors calculated using the Newey-West estimator [27]. This adjustment addresses serial 

correlation in the time-indexed regression errors while allowing for heteroskedasticity of unknown 

form. The Newey-West estimator provides a consistent estimate of the asymptotic covariance 

matrix of the OLS estimators by approximating the long-run variance of the regression 

disturbances through a weighted sum of sample autocovariances up to a prespecified lag length, 

with higher-order autocovariances down-weighted to ensure a non-negative definite variance 

estimate. When the truncation lag grows slowly with the sample size, the associated t- and 

F-statistics are asymptotically valid under very general forms of heteroskedasticity and serial 

correlation, which makes the Newey-West approach a practical default for situations where the 

exact error process (for example, AR(1) vs higher-order dynamics) is unknown or possibly 

misspecified [35]. 
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Prais-Winsten: 

The Prais–Winsten method is a feasible generalized least squares (FGLS) procedure for linear 

time-series regressions that corrects for AR(1) serial correlation in the errors while retaining the 

full sample, including the first observation. Assuming the error term 𝑢௧ = 𝑢௧−1ߩ + ݁௧with ∣ ߩ ∣<1, the method first obtains an estimate of ߩ (autocorrelation coefficient) from an auxiliary 

regression of the OLS residuals on their lag, and then applies the corresponding quasi-differencing 

transformation to both the dependent and explanatory variables. OLS on this transformed equation 

yields estimates that are asymptotically more efficient than OLS under the AR(1) specification, 

and the associated standard errors and test statistics are asymptotically valid for inference in the 

presence of such serial correlation [35].  

Appendix Table 1 provides a side-by-side comparison of the OLS-NW and PW estimation 

approaches across various modeling features.  

The POWER_ITSA package for Stata 

All simulations in the current study were conducted using the community-contributed package for 

Stata called POWER_ITSA [31], which computes power via simulation for ITSA designs. 

POWER_ITSA passes on user-specified values representing coefficients from the MG-ITSA 

regression model (Equation 1) to the ITSADGP [36] package, which generates artificial datasets 

containing one treated unit and a user-specified number of control units. Next, for each time series 

dataset generated (containing the treatment unit and the number of control units specified), 

POWER_ITSA passes on the simulated time series to the ITSA package [7] to estimate the 

treatment effects represented by coefficients β6 and β7 in Equation 1 (i.e. the difference in 

differences in level of the time series and difference in differences in trend, respectively). 

POWER_ITSA offers both OLS-NW and PW regression as estimation models, and in the current 
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study, all analyses were repeated using both methods. After model estimation on each dataset, 

POWER_ITSA performs a Wald test to determine if the coefficient β6 or β7 is 0 (representing the 

difference in differences in level and difference in differences in trend, respectively), and the 

associated P-value is saved. Summing the number of instances in which the P-value is < 0.05 

(alpha) provides an estimate of the overall power for the given simulated scenario. 

Simulation strategy 

Table 1 presents the POWER_ITSA inputs implemented in the current study. The overall goal was 

to assess if (and to what extent) the various factors influence power differentially for OLS-NW 

and PW models, including the total number of time periods under study, the number of control 

units serving as comparators, effect size, level of AR(1) autocorrelation, and the measure of effect 

(i.e. difference in differences in level [β6 of Equation 1]) or differences in the pre- to post-treatment 

change in trend (i.e. difference in differences in trend [β7 of Equation 1]) of the outcome variable. 

The simulation input values replicate those employed in [26] for consistency. The number of time 

periods ranged from 10 to 50 and treatment was introduced at the halfway point in the time series. 

The number of controls ranged from 4 to 20 in increments of 4, except when evaluating 

autocorrelation where the number of controls was set to 12. The starting level (intercept) was set 

to 10 for both the treated unit and the controls’ time series. A non-zero intercept ensured that 

simulated datasets would not produce negative values. The pre-treatment trend (slope) for both 

treated unit and controls was set to 1. This small period over period increase was intended to 

represent a small underlying secular trend in the time series. The change in the level of the controls’ 

time series immediately following the introduction of the treatment versus the counterfactual at 

that time-point was set to 0, as we would not expect any factor to influence the level of the controls’ 

time series. The change in the level of the treatment unit’s time series immediately following the 
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introduction of the treatment versus the counterfactual at that time-point was set to increase in 

increments of 2, 2.5, and 3 points when evaluating change in level (and set to 0 when evaluating 

change in trends). These values represent a 20%, 25% and 30% immediate increase in level versus 

the counterfactual at the first post-treatment time point. The post-treatment trend (slope) of the 

controls’ time series was set to 1. In the absence of a treatment, we would expect the controls’ time 

series to continue unchanged from baseline (set to 1 to represent a small continued secular trend 

from baseline). The trend (slope) of the treatment unit’s time series after introduction of the 

treatment was set to increase in increments of 1.25, 1.5, and 2 points when evaluating changes in 

trend (and set to 0 when evaluating changes in level). These values represent a 25%, 50% and 

100% increase in the post-treatment trend. The AR(1) correlation coefficient between adjacent 

error terms was set to range from -0.9 to 0.9 for both treated unit and control units for specific 

analyses of autocorrelation, otherwise the autocorrelation was set to 0.2 for both treated and control 

units, representing a small positive autocorrelation. 1 standard deviation (SD) was used in 

generating the normally distributed random error term for both the treatment unit and controls’ 

time series. Figures 1 and 2 illustrate the data generating process for a difference in difference in 

trend and difference in differences in level, respectively. Each panel presents an actual iteration of 

the data generating process. 

Sensitivity analysis 

Three different sensitivity analyses were performed to determine if changing one or more of the 

input values for level and trend impacts power differentially for OLS-NW and PW methods. In the 

first sensitivity analysis, the treatment unit’s baseline trend was set to differ from that of the 

controls (5 versus 1 for treated unit and the controls’, respectively). The treatment unit’s post-

treatment trend was set to 5.50 (50% increase) and the number of controls was set to 12. In the 
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second sensitivity analysis, the controls’ baseline level was set to differ from that of the treated 

unit (8 versus 10, respectively) and the number of controls was set to 12. The third sensitivity 

analysis examined if a combination of both level and trend changes impact power curves 

differentially for OLS-NW and PW models. Here, the controls’ baseline level was set to 8 and the 

treated unit’s baseline level was set to 10. The treatment unit’s level change was set to 2 (20% 

increase) and the controls had no level change. The treatment unit’s post-treatment trend was set 

to 2 (100% increase) and the controls post-treatment trend was set to 1 (continuation from baseline) 

and the number of controls was set to 12. 

Performance measures 

In addition to power, the performance of the OLS-NW and PW methods was evaluated by 

examining percentage bias, empirical standard errors, root mean squared error (RMSE), 95% 

confidence interval coverage, and type I error rate [37]. For each scenario, 2000 datasets were 

generated. StataTM version 19.0 was used for conducting all analyses. The ITSA_POWER code 

used in these analyses is located in the online Supplement. 

Results 

Difference in differences in trend 

Power:  

Figure 3 illustrates that power consistently increases as a function of an increasing number of 

control units, an increasing number of time periods, and increasing effect size. OLS-NW has 

approximately 10.4% higher power, on average, than PW at all values along the continuum of time 

and number of controls. There also appears to be a greater separation in the OLS-NW power curves 

than in the PW curves.  
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Figure 4 illustrates that increasing autocorrelation is associated with lower power, which 

remains consistent with an increasing number of time periods under study. There is a large amount 

of variability in the autocorrelation curves at a low effect size, and the patterns only become clear 

with a larger number of time periods. OLS-NW consistently has higher power than PW at all values 

along the continuum of time and level of autocorrelation (approximately 14.9% higher, on 

average). PW consistently shows larger separation between autocorrelation levels than OLS-NW. 

Percentage bias: 

Appendix Figure 1 illustrates that percentage bias is related to both the number of time periods 

and the effect size. Bias decreases as effect size increases and as the number of time periods 

increases. The number of controls appears to differentially affect bias, with a larger number of 

controls exhibiting less bias. Both OLS-NW and PW exhibit the same overall pattern of bias with 

both methods close to 0 percentage bias on average, but with the PW exhibiting a larger range 

(OLS-NW: mean = -0.09 [min= -8.42; max = 5.11], PW: mean = -0.23 [min = -10.74; max = 

10.26]). 

Empirical standard errors: 

Appendix Figure 2 illustrates that empirical standard errors decrease over time but do not differ 

much by effect size. Both OLS-NW and PW exhibit the same overall curvilinear pattern except 

that PW is consistently higher at each time period (OLS-NW: mean = 0.11 [min = 0.04; max = 

0.35], PW: mean = 0.16 [min = 0.05; max = 0.51]). OLS-NW appears to be influenced by the 

number of controls, with a smaller number of controls exhibiting larger standard errors. 

RMSE: 
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Appendix Figure 3 illustrates that RMSE is not affected by time, number of controls, effect size, 

or method (OLS-NW: mean = 1.01 [min = 0.98; max = 1.02], PW: mean = 1.01 [min = 0.99; max 

= 1.02]). 

95% coverage: 

Appendix Figure 4 illustrates that PW consistently produces estimates around the nominal 95% 

level (mean = 94.3% [min = 91.6%; max = 96.3%]) while the OLS-NW method produces 

substantially lower estimates across all scenarios (mean = 82.1% [(min = 65%; max = 89.6%]). 

OLS-NW also appears to produce coverage estimates that are influenced by the number of 

controls, with a lower number of controls produces better coverage than with larger numbers of 

controls. 

Difference in differences in level 

Power:  

Figure 5 illustrates that power consistently increases as a function of an increasing number of 

control units, an increasing number of time periods, and increasing effect size. OLS-NW 

consistently has higher power than PW at all values along the continuum of time and number of 

controls (approximately 14.4% higher, on average). There is a greater separation between the 

number of control units in the OLS-NW curves than in the PW curves. Moreover, the power curves 

are much more linear than the sigmoidal curves exhibited by difference in differences in trend 

(Figure 3). 

Figure 6 illustrates that while autocorrelation is inversely related to power (with PW more 

clearly showing the distinction between levels of autocorrelation), both models show a nearly flat 

relationship between the level of autocorrelation and the number of periods in the study. In contrast 
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to difference in differences in trend (Figure 4), OLS-NW does not clearly demonstrate consistently 

higher power than PW. 

Percentage bias: 

Appendix Figure 5 illustrates that both approaches overall have a percentage bias close to 0 but 

exhibit noisy behavior in curves representing the number of controls (OLS-NW; mean = -0.01 

[min = -3.40; max = 2.62], PW: mean = -0.18 [min = -5.17; max = 3.03]). 

Empirical standard errors: 

Appendix Figure 6 shows that OLS-NW exhibits a linear decrease in standard errors over time, 

with smaller numbers of control units having higher standard errors than larger groups, but is not 

affected by effect size. PW exhibits decreasing curvilinear trends in standard errors over time, but 

no discernable separation by control group size. OLS-NW has standard errors that are 

approximately 25% lower on average than PW (NW: mean = 0.69 [min = 0.55; max = 1.00], PW: 

mean = 0.93 [min =  0.68; max = 1.42]). 

RMSE: 

Appendix Figure 7 illustrates that both methods exhibit nearly identical RMSE across time and 

number of controls (NW: mean = 1.01 (min = 0.99; max = 1.02], PW: mean = 1.01 [min = 0.99; 

max = 1.02]). 

95% coverage: 

Appendix Figure 8 illustrates that PW consistently produces estimates around the nominal 95% 

level (mean = 94.4% [min = 92.1%; max = 96.2%]) while the OLS-NW method produces 

substantially lower estimates across all scenarios (mean = 83.2% [(min = 65.5%; max = 90.6%]). 

OLS-NW also appears to produce coverage estimates that are influenced by the number of 
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controls, with a lower number of controls producing better coverage than with larger numbers of 

controls. 

Type I error 

Appendix Figure 9 illustrates the type I error rate as a function of time for OLS-NW and PW 

models, holding the number of controls at 12 and the level of autocorrelation at 0.20. While PW 

consistently produce type I errors around the expected 5% level (mean = 5.3% [min = 4.8%, max 

= 6.5%]), the OLS-NW method exhibits high (and decreasing) type I errors over time until leveling 

off around 30 time periods (mean =18.1%, [min = 11.3%, max = 30.2%]).  

Appendix Figure 10 illustrates the type I error rate as a function of autocorrelation for OLS-

NW and PW models, holding time constant at 50 periods and the number of controls at 12. While 

PW consistently produce type I errors in the range around the expected 5% level (mean = 5.32% 

[min = 4.2%, max = 6.5%]), the OLS-NW method exhibits a curvilinear relationship (low to high) 

of type I errors with increasing autocorrelation achieving a type I error of 5.53% at the 

autocorrelation level of 0.90 (mean = 17.1% [min = 1.6%, max = 5.53%]).   

Sensitivity analysis 

Appendix Figures 11, 12, and 13 illustrate the power curves for OLS-NW and PW for the 3 

sensitivity analyses, respectively. In all scenarios, the PW method consistently exhibit lower power 

than the OLS-NW method (consistent with results of the main analyses).  

Discussion 

This simulation study evaluated the finite-sample performance of OLS-NW and PW regression 

methods for estimating difference-in-differences in level and trend within a MG-ITSA framework 

under AR(1) autocorrelation. Whereas prior simulation studies comparing these methods have 

been conducted exclusively in SG-ITSA settings [38,39], the present study extends this research 
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to the MG-ITSA design in which inference is based on between-group contrasts. The results 

demonstrate clear and systematic trade-offs between the two methods that are driven primarily by 

variance estimation and inferential calibration, rather than bias or overall point-estimation 

accuracy. These findings have important implications for the design and analysis of prospective 

MG-ITSA studies in healthcare research. 

Across both difference in difference in level and trend estimates, power increased with 

longer series, larger effect sizes, and greater numbers of control units. These patterns are consistent 

with earlier MG-ITSA power simulations using OLS–NW alone [26]. However, the present study 

also demonstrates that there are substantial differences in power estimates produced by the two 

estimation approaches in the MG-ITSA context. For difference in differences in trend, OLS–NW 

exhibited consistently higher power than PW across all simulated conditions, exceeding PW by 

approximately 10–15%, on average. This advantage persisted across varying levels of 

autocorrelation, time periods, numbers of control units, and effect sizes, and was robust in 

sensitivity analyses. Similar power advantages for OLS-NW were observed for difference in 

differences in level, although differences between methods were attenuated when power was 

examined as a function of autocorrelation. These findings are broadly consistent with Bottomley 

et al. [39], who reported higher power for OLS-NW relative to PW in SG-ITSA, and with 

Wooldridge [35] who notes that FGLS methods such as PW may have lower power than OLS-

based approaches when autocorrelation is modest or imperfectly estimated. 

Both OLS-NW and PW produced approximately unbiased estimates for difference in 

differences in level and trend parameters, with percentage bias centered near zero across scenarios. 

Bias decreased with increasing effect size and longer series which is consistent with those reported 
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in SG-ITSA studies [38,39], indicating that extending the design to multiple groups does not 

introduce systematic bias in point estimation.  

Empirical standard errors declined with increasing series length for both methods, but PW 

consistently produced larger standard errors than OLS-NW, particularly in shorter time series, 

consistent with results reported by Bottomley et al. [39] and the finite-sample properties of FGLS 

estimators described by Wooldridge [35]. In contrast, OLS-NW standard errors decreased as the 

number of control units increased, suggesting greater sensitivity to cross-sectional information 

than with PW. This difference in variability largely explains the observed divergence in power, 

95% coverage, and Type I error between the two estimators. 

Despite the differences in standard errors, RMSE was nearly identical across methods and 

simulation conditions, indicating that the two approaches achieve comparable overall estimation 

accuracy, with differences primarily arising in inference rather than point estimation. 

In contrast to its power advantages, OLS-NW exhibited poor finite-sample inferential 

performance. Coverage for OLS-NW was substantially below the nominal 95% level across all 

scenarios for both difference in differences in level and trend estimates, with average coverage 

near 82–83%. Coverage further deteriorated as the number of control units increased. In contrast, 

PW consistently achieved near-nominal coverage across all simulated conditions.  

Similarly, type I error rates for PW remained close to the nominal 5% level across time and 

autocorrelation conditions, while OLS-NW showed severe inflation, particularly in shorter series. 

Although type I error for OLS-NW decreased as the number of time periods increased, it remained 

unacceptably high across many plausible MG-ITSA configurations. These results concur with 

those of Bottomley et al. [39] in SG-ITSA, but importantly show that including one or more control 

units does not mitigate the finite-sample inferential deficiencies of OLS-NW. 
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Taken together, these results highlight a fundamental trade-off in MG-ITSA between 

power and inferential validity under AR(1) serial correlation, which was the sole autocorrelation 

structure considered in the present simulations. Within this setting, OLS-NW offers clear 

advantages in terms of power, particularly when multiple control units are available, but at the cost 

of inflated Type I error and poor confidence interval coverage. Prais-Winsten regression, which is 

explicitly designed to address AR(1) autocorrelation, is less powerful but provides well-calibrated 

inference across the range of AR(1) design conditions examined. Importantly, these differences 

arise not from bias or point-estimation accuracy, but from how each estimator handles first-order 

serial correlation and variance estimation in finite samples. 

These findings underscore the importance of aligning estimator choice with the inferential 

priorities of MG-ITSA studies when the data series include AR(1) autocorrelation. When control 

of false positives and reliable uncertainty quantification are paramount, PW may be preferred 

despite lower power. Conversely, when power considerations dominate, results obtained using 

OLS-NW should be interpreted cautiously, particularly in the presence of AR(1) autocorrelation. 

Given that OLS-NW can be implemented with higher-order lag structures, its performance under 

more complex forms of serial dependence may differ from the patterns observed here. 

From a practical perspective, applied researchers conducting MG-ITSA studies under 

plausible AR(1) autocorrelation should choose between methods guided by the relative importance 

of power versus inferential validity. PW regression is recommended when valid hypothesis testing, 

confidence interval coverage, and control of type I error are primary objectives, particularly in 

studies with a limited number of time points. OLS-NW may be useful in exploratory analyses or 

settings where maximizing power to detect intervention effects is prioritized; however, its use 

should be accompanied by caution given the potential for substantial under-coverage and inflated 
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false-positive rates in finite samples. Regardless of the method selected, researchers should report 

key design features, such as series length, number of control units, and assumptions about the 

autocorrelation structure, and consider sensitivity analyses using alternative estimators to assess 

the robustness of substantive conclusions. 

The present study has limitations. The simulation strategy developed here was designed to 

replicate the most common MG-ITSA study in healthcare research: a single treatment-group 

compared to 4 or more control units with a single treatment (treatment) period, in which OLS or 

FGLS time series regression is used as the statistical model and assumes AR(1) error processes for 

both treatment and control units. The simulations were restricted to AR(1) error processes to reflect 

the design of PW regression, and a common assumption in ITSA studies. Given that OLS-NW can 

accommodate higher-order or more complex dependence structures, the relative finite-sample 

performance of these estimators under AR(݌) or non-AR serial correlation remains an open 

empirical question [35]. Additionally, several other factors were not included in the simulation 

design: multiple consecutive treatments, seasonality, and different outcome variable types. 

Generally, when there is suspected seasonality in the data and it cannot be modeled directly at the 

design stage, investigators should err on the side of increasing the length of the study, as the 

minimum required sample size increases with variability, model complexity, and seasonal period 

length [40]. When other factors appear to impact the time series, the investigator should attempt 

to model them at the design stage of the simulations to get the most accurate estimates of power. 

Finally, OLS-NW and PW were the two underlying statistical approaches used here for estimating 

power via simulation because of their common use and ease of application. Future research should 

investigate how power estimates for MG-ITSA studies compare when different modeling 
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approaches are considered, such as other time series regression models (e.g. ARCH), Bayesian 

frameworks [41] and machine learning algorithms [42]. 

Conclusion 

This simulation study demonstrated that in MG-ITSA studies under AR(1) autocorrelation, the 

choice of autocorrelation adjustment entails a clear trade-off between statistical power and 

inferential validity. OLS-NW consistently yielded higher power for detecting difference-in-

differences in both level and trend across a wide range of design conditions, but at the cost of 

substantially inflated Type I error rates and poor confidence interval coverage in finite samples. In 

contrast, PW regression was less powerful but provided well-calibrated inference, maintaining 

near-nominal coverage and Type I error control across all scenarios examined. Importantly, both 

methods produced approximately unbiased estimates with comparable RMSE, indicating that 

observed differences arise primarily from variance estimation rather than point-estimation 

accuracy. These findings highlight the need for investigators to align estimator choice with their 

inferential priorities in MG-ITSA studies: PW is preferable when valid hypothesis testing and 

uncertainty quantification are paramount, whereas OLS-NW may be used cautiously when 

maximizing power is the primary objective. 
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Table 1 Simulation inputs 

 

Parameter Values related 

to Equation (1)  
Input Values 

Controls’ baseline level β0 10 

Treated unit’s baseline level β0 + β4 10 

Controls’ baseline trend β1 1 

Treated unit’s baseline trend β1 + β5 1 

Controls’ level change post-treatment versus 
counterfactual 

β2 0 

Treated unit’s level change post-treatment versus 
counterfactual 

β2 + β6 2, 2.5, 3 (representing 20%, 
25%, and 30%) 

Controls’ post-treatment trend β1 + β2 1 

Treated unit’s post-treatment trend β1 + β3 + β5 + β7 1.25, 1.50, 2 (representing 
25%, 50% and 100%) 

Number of time periods  10 – 50 

Initiation of the treatment  Halfway point  
Number of controls  4 – 20 

Autocorrelation coefficient  -0.90 – 0.90 

Standard deviation for random error term  1 

 
Notes:  

(1) Autocorrelation coefficient for both groups is held constant at 0.20 for all simulations other than that specifically 

examining the effect of autocorrelation. 

(2) The number of controls is held constant at 12 for simulations examining the effect of autocorrelation. 

(3) For sensitivity analysis 1 (different baseline trends), the treatment unit’s baseline trend is set to 5 and the treatment 
unit’s post-treatment trend is set to 5.25, 5.50, 6 (25%, 50%, 100%, respectively). Controls’ values are unchanged 
from above. 

(4) For sensitivity analysis 2 (different baseline levels), the controls’ baseline level is set to 8 (the treatment unit’s 
values are unchanged from above). 

(5) For sensitivity analysis 3 (combination of different level and trend changes), the controls’ baseline level is set to 
8, the treatment unit’s level change is set to 2 (20% increase), the treatment unit’s post-treatment trend is set to 2 

(100% increase). All other values are unchanged from above. 
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Table 2. Summary of simulation results comparing OLS with Newey-West standard errors (OLS-

NW) and Prais-Winsten (PW) regression in MG-ITSA 

Performance 

measure 

Simulation 

conditions 

OLS–NW Prais–Winsten 

(PW) 

Interpretation 

Power Number of time 

periods, effect size, 

number of controls 

Increased with more 

controls, longer series, 

and larger effect sizes; 

higher across all 

conditions 

Increased with 

controls, time, and 

effect size, but 

consistently lower than 

OLS–NW 

OLS–NW yielded 

higher power across all 

design configurations 

Power 

(autocorrelation) 

Autocorrelation, 

number of time 

periods 

Decreased with 

increasing 

autocorrelation but 

remained higher across 

all conditions 

Decreased with 

increasing 

autocorrelation 

Power was uniformly 

higher for OLS–NW 

across levels of 

autocorrelation 

Percentage bias Number of time 

periods, effect size, 

number of controls 

Decreased with 

increasing time periods 

and effect size; fewer 

controls associated with 

greater bias 

Exhibited the same 

pattern as OLS–NW 

Both methods showed 

similar bias patterns 

Empirical 

standard errors 

Number of time 

periods, effect size, 

number of controls 

Decreased over time; 

larger with fewer 

controls 

Decreased over time; 

consistently larger than 

OLS–NW 

PW produced larger 

empirical standard 

errors 

Root mean 

squared error 

(RMSE) 

Number of time 

periods, effect size, 

number of controls 

Approximately constant 

across conditions 

Approximately 

constant across 

conditions 

RMSE was not 

meaningfully affected 

by model or design 

factors 

95% confidence 

interval coverage 

Number of time 

periods, effect size, 

number of controls 

Below the nominal 95% 

level 

Close to the nominal 

95% level 

PW achieved near-

nominal coverage; 

OLS–NW under-

covered 

Type I error Time periods and 

autocorrelation 

Inflated across 

conditions 

Close to the nominal 

5% level 

PW maintained 

appropriate Type I 

error control 

Sensitivity 

analyses 

Alternative design 

specifications 

Higher power across all 

scenarios 

Lower power across all 

scenarios 

Sensitivity analyses 

were consistent with 

main findings 
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Figure 1: Single iteration of the actual data generating process for evaluating difference in 

differences in trend. (A) 25% increase in treatment unit’s post-treatment trend, (B) 50% increase 

in treatment unit’s post-treatment trend, and (C) 100% increase in treatment unit’s post-treatment 

trend 
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Figure 2: Single iteration of the actual data generating process for evaluating difference in 

differences in level. (A) 20% increase in treatment unit’s post-treatment level, (B) 25% increase 

in treatment unit’s post-treatment level, and (C) 100% increase in treatment unit’s post-treatment 

level 
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Figure 3: The impact of the number of control units and the number of time periods on power for 

a difference in differences in trend for OLS-NW (Panels A-C) and PW (Panels D-F) models. Panels 

A and D represent a 25% effect, panels B and E represent a 50% effect, and panel C and F represent 

a 100% effect. 
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Figure 4: The impact of autocorrelation and the number of time periods on power for a difference 

in differences in trend for OLS-NW (Panels A-C) and PW (Panels D-F) models. Panels A and D 

represent a 25% effect, panels B and E represent a 50% effect, and panel C and F represent a 100% 

effect. 
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Figure 5: The impact of the number of control units and the number of time periods on power for 

a difference in differences in level for OLS-NW (Panels A-C) and PW (Panels D-F) models. Panels 

A and D represent a 20% effect, panels B and E represent a 25% effect, and panel C and F represent 

a 30% effect. 
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Figure 6: The impact of autocorrelation and the number of time periods on power for a difference 

in differences in level for OLS-NW (Panels A-C) and PW (Panels D-F) models. Panels A and D 

represent a 25% effect, panels B and E represent a 50% effect, and panel C and F represent a 100% 

effect. 
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