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Collaborative Research Process 
Following emerging best practices in systems science modeling, our research team not only collaborated 

frequently with one another, but also convened multiple “milestone” check-in meetings (either in-

person or virtual as circumstances dictated). During these meetings, we were able to supplement our 

team’s content and modeling expertise with input from a group of individuals with substantial relevant 

practical experience. This Expert Advisory Group (n = 5 at the outset, 4 after the unfortunate passing of 

one of its members) consisted of a small group of carefully selected consultants who were current or 

former practitioners from state health departments and were capable of substantial participation and 

enthusiastic about our goal of creating and using an agent-based model (ABM) to provide insights into 

causes of and potential solutions to mis-implementation. The Group provided invaluable feedback 

throughout each phase of the work described in this document: agent-based model design, 

parameterization, testing, and experimentation. These milestone meetings were a source of key input 

into our research efforts; the timing and content of each was as follows: 

 

Model design (September 2019) 

For the initial model design workshop, the goal was to identify the important system-level drivers of 

mis-implementation. The guiding question that our group focused on was ‘What are key actors and 

dynamics we want to represent’? To answer this question, we engaged in activities intended to generate 

a preliminary model design that we could use as a starting point for iterative design, development, and 

testing. The process was informed by group model-building methodology.1–3 First, we collaboratively 

determined a set of relevant barriers and facilitators that might affect mis-implementation levels 

experienced in public health department settings, as well as a list of key mechanistic pathways involved 

in the outcomes of interest. We then ranked this list based on importance of factors, eliminating those 

deemed to have minimal impact. Next, we worked as a group to develop causal loop diagrams 

representing the hypothesized mechanisms and describing how factors were dynamically related to one 

another. Based on these materials, individual attendees with agent-based modeling expertise created 

multiple candidate design summaries that were presented to the group. Each design summary 

contained a preliminary description of key model elements (agents and their properties, actions and 

rules, along with environmental structure), a list of required data elements, and a list of potential 

outputs that could be generated. Through extensive discussion and refinement of these options, 

consensus was reached that gave us the intended preliminary model design.  

 

Model parameterization (January 2020) 

After further refining the model derived from the last Expert Advisory Group meeting, we had an initial 

set of data requirements to satisfactorily parameterize the model so that it meaningfully represented 

salient, real-world individuals, organizations, behaviors, and processes. The guiding question for this 

meeting was ‘How should actors in our model and dynamics look based on extant sources of evidence’? 

By answering this, we had a preliminary strategy to ground the ABM in extant data, literature, theory, 
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and expert guidance. This included parameter values established during the meaning through a 

consensus-building process. At this meeting the Group also identified the need for additional data to 

support the agent-based model’s parameterization, leading to the design and deployment of the 

Supplemental stakeholder interviews described below. 

 

Model testing (December 2020) 

An initial “baseline” parameterization of the model was established based on the strategy established in 

the last meeting. During this meeting, initial findings from the model were presented to the Group 

highlighting: a) mis-implementation patterns, b) intervention decision patterns, and c) organizational 

structures generated by the model, and c) model dynamics including distributions of evidence-based 

decision-making (EBDM) ability, information sharing propensity over time, and frequencies of 

intervention effectiveness reporting and responses. For this session, the guiding question was ‘Is model 

behavior sensible’? The goal was to establish whether experts with deep experience with and intuition 

about the operation of state health departments felt that the model had “generative sufficiency.”4 That 

is, using their own knowledge as a qualitative reference mode, did the model exhibit behavior patterns 

similar to those in the real world? The clear consensus was that it did so.  

 

Model experimentation (March 2021) 

During this meeting, we collectively determined a set of experimental conditions that we would use for 

model runs that reflected “counterfactual scenarios.” The guiding question for this session was ‘How can 

we use our model to productively explore ways in which organizational changes affect mis-

implementation’? We wanted to identify a defined and finite (but potentially large) set of scenarios that 

could both be reflected with our existing model (i.e., could be characterized by specific changes in model 

parameters) and would be of interest to the field. We were able to successfully do so, resulting in the 

experiment strategy described below. 

 

Model results (August 2021) 

The goal of this final meeting was to present results of model experiments to the experts and research 

team. A guiding question was ‘What are the implications for organizational intervention?’ The discussion 

during this session is reflected in the narrative of our main text. 

 

Literature Review  
Based on input from the Expert Advisory Group, a literature review was performed to inform the design 

of model elements that characterize leadership’s intervention continuation decision-making processes 

and employees’ information sharing dynamics.  

 

Literature review questions 
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Specifically, the literature review aimed at answering the following questions: 

 How likely are employees to share information with their supervisors? What are the factors 
related to this? 

 How often do supervisors make changes based on this information? What factors affect this? 
 

Literature review protocol  

The following databases were used for this literature review: EBSCO Databases, Academic Search 

Complete, Business Source Complete, MEDLINE, PsychINFO, and SocINDEX. To perform the search, we 

employed the following terms: "organizations" AND "information sharing" were used with either 

"supervisor," “employee,” or “employee voice.” The search was limited to academic journal articles 

from 2009 to 2019. The search resulted in 624 articles, of which 173 were reviewed in further depth. Of 

the studies reviewed, 16 were found to be of particular interest to this literature review. From these 16 

articles, several additional useful studies were identified from the article citations, leading to a total of 

38 articles.5–42  

 

Literature review summary findings 

The data extracted from the selected articles were summarized into five different topics: (1) Employee 

Voice; (2) Prevalence of Employee Voice; (3) Factors Related to Employee Voice; (4) Supervisor Response 

to Employee Voice; (5) Effect of Voicing Dissenting Viewpoint on Team Decisions Making. 

This summary document informed our selection of functional forms representing our model’s core 

dynamics: information sharing and intervention continuation decisions.  

 

Model Design 
The Mis-Implementation (“MI”) model is an agent-based model (“ABM”) of intra-organizational 

communication and decision-making. Agents represent individuals within an organization (i.e., state 

health department), each of whom operate at a particular organizational level and have attributes that 

affect whether and how they share pertinent information about active interventions. Leadership within 

the organization uses available information to make decisions about intervention continuation that 

result in levels of mis-implementation (i.e., continuing ineffective interventions or terminating effective 

interventions) over time. 

Each simulation run stochastically generates a single organization and all its constituent agents. The 

model uses a time step (i.e., granularity) of one month, and each simulation run is comprised of 36 

steps, thus representing three years. The values for all parameters mentioned and described in this 

section are given in the parameterization section below. 

Model Environment 

The model begins by generating an organization, which is comprised of a list 𝐴 of agents and a list 𝑇 of 

interventions. At initialization, the number of levels 𝑚 in the organization is drawn from a truncated 

normal distribution 𝑁[1.5,𝜇𝑚+2.5](𝜇𝑚, 𝜎𝑚) and rounded to the nearest integer.  
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The organization’s agents are created iteratively starting with a single top-level agent (the “top agent” 

or “leader”). The remaining levels are filled in by iterating over all agents in each subsequent level and 

creating for each several subordinate agents in the level below. Each supervisor agent’s subordinate 

count is drawn independently from a truncated normal distribution 𝑁[0,50](𝜇𝑜, 𝜎𝑜). The process is 

completed when the 𝑚𝑡ℎ level has been generated, and the agents’ supervisor-subordinate 

relationships constitute the full structure of the organization. 

The list 𝑇 is always initialized with 50 active interventions. Each intervention 𝑇𝑘 has the following 

properties: 

 Evidence support, 𝑉𝑘 ∈ [−1,1] 

 Age, 𝐺𝑘 ∈ [0, ∞] 

 External stakeholder support, 𝑆𝑘 ∈ [0,1] 

 Funder support, 𝐹𝑘 ∈ [0,1] 

Each intervention’s properties are drawn from four appropriately truncated normal distributions with a 

prescribed correlation matrix. Intervention age (time in years since its initiation), the length of time an 

intervention has been implemented and maintained, is in units of years and increases by 1/12 each time 

step. 

Agent Properties 

Each agent 𝐴𝑖  has the following properties: 

 Level 𝐿𝑖 ∈ [1, 𝑚] in organizational hierarchy  

 Supervisor super(𝐴𝑖), the agent to which they directly report 

 List of subordinates subs(𝐴𝑖), agents directly reporting to this agent. This list is empty for agents in 

the 𝑚𝑡ℎ level. 

 Ability to engage in evidence-based decision making (“EBDM”), 𝐵𝑖 ∈ [0,1] 

 Information sharing propensity (“sharing”), 𝐻𝑖 ∈ [0,1] 

 Assessment of current interventions, 𝑅𝑖,𝑘 ∈ [−1,1] for k in 1, …, 50. 

At each agent’s initialization, EBDM and sharing values are drawn from truncated normal distributions 

on [0,1] with separate means and variances. 

Each agent’s intervention assessments can be thought of as their estimates of each intervention’s 

evidence support 𝑉𝑘. At initialization, these assessments are generated for each agent by taking a 

weighted average of each intervention’s true effectiveness and a uniform noise term, 𝑢𝑖,𝑘  ~ 𝑈(−1,1): 

𝑅𝑖,𝑘 = 𝐵𝑖𝑉𝑘 + (1 − 𝐵𝑖)𝑢𝑖,𝑘. 

 

Update Rules (Model Behavior) 

Agent Actions 

Each model time step, the agents are activated in random order. Upon activation, agent 𝐴𝑖  performs the 

following actions in order: 

 Report: for each intervention, agent may send an assessment signal to their supervisor attempting 

to update their supervisor’s assessment the intervention. For intervention 𝑇𝑘, the signal is sent with 
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probability 𝑝(report) = 𝐻𝑖|𝑅𝑖,𝑘|(1 − 𝐶1𝑆𝑘)(1 − 𝐶1𝐹𝑘) where 𝐶1 is the reporting probability 

external influence coefficient. 

 Update EBDM: Each non-leader agent (𝐿𝑖 > 1) moves their EBDM towards the EBDM value of their 

supervisor. This drift is asymmetrical: if 𝐵𝑗 > 𝐵𝑖 , 𝐵𝑖
𝑛𝑒𝑤 = 𝐵𝑖

𝑜𝑙𝑑 + 𝐶1;   if  𝐵𝑗 < 𝐵𝑖 , 𝐵𝑖
𝑛𝑒𝑤 = 𝐵𝑖

𝑜𝑙𝑑  −  𝐶2 

, where 𝐴𝑗 = super(𝐴𝑖) and 𝐶1 and 𝐶2 are the EBDM upward and downward steps, with 𝐶2 < 𝐶1. 

If a report is sent from agent 𝐴𝑖  to agent 𝐴𝑗 on intervention 𝑇𝑘, the assessment signal is received with a 

probability that begins as the agent’s information sharing propensity value and decreases as the 

assessment difference between agents grows larger: 𝑝(receive signal) = 𝐻𝑗 − |𝑅𝑗,𝑘  −  𝑅𝑖,𝑘| + 𝐶1, 

where 𝐶1 is the assessment update probability constant term.  

If the assessment signal is received, 𝐴𝑗 updates their intervention assessment by 𝑅𝑗,𝑘
𝑛𝑒𝑤 = 𝑅𝑗,𝑘

𝑜𝑙𝑑 +

𝐶2(𝑅𝑖,𝑘 − 𝑅𝑗,𝑘
𝑜𝑙𝑑) where 𝐶2 is the assessment update scale; agent 𝐴𝑖  will then update their sharing 

upward: 𝐻𝑖
𝑛𝑒𝑤 = 𝐻𝑖

𝑜𝑙𝑑 + 𝐶3, where 𝐶3 is the sharing update size. If a report was sent but the signal was 

not received, 𝐴𝑖  shifts their sharing down: 𝐻𝑖
𝑛𝑒𝑤 = 𝐻𝑖

𝑜𝑙𝑑 − 𝐶3. 

 

Administrative Actions 

Throughout the model, interventions are evaluated and potentially discontinued.  

 Intervention evaluation: An intervention evaluation consists of a complete round of information 

sharing by every agent in the organization, followed by a continuation decision by the top agent.  

o During the evaluation, information sharing reports are sent and received with 100% 

probability; they cause assessment updates as described above but do not trigger updates 

to agent sharing scores.  

o  Every intervention receives a guaranteed evaluation every simulated year, in month 6. 

Additionally, each intervention may be evaluated in any other month with probability equal 

to the monthly intervention evaluation probability. 

 Continuation decision: At the end of an evaluation, the intervention may be discontinued. This 

occurs for intervention 𝑇𝑘 with probability 𝑝(discontinuation𝑘) = 𝐶1 + 𝐶2𝑅1,𝑘 + 𝐶3𝐺𝑘 + 𝐶4𝑆𝑘 +

𝐶5𝐹𝑘, where 𝐴1 is the top agent, 𝐶1 is the continuation function constant term, 𝐶2 is the perception 

coefficient, 𝐶3 is the age coefficient, 𝐶4 is the stakeholder coefficient, and 𝐶5 is the funder 

coefficient.  

 Intervention replacement: If an intervention is discontinued, it is replaced with a new intervention 

with some constant probability. If it is not replaced, the number of active interventions will decrease 

and is never higher than its initial value of 50. A replacement intervention will have age zero, and 

effectiveness, stakeholder support, and funder support values drawn from a conditional multivariate 

distribution that preserves the correlations with age and other attributes. 

 

 

Model Development 
The model was written in Python,43 using elements of the Mesa agent-based modelling framework,44 as 

well as the NumPy,45 SciPy,46 and pandas packages.47 Iterative testing was conducted throughout 
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development, primarily consisting of examination of model output from sweeps of plausible as well as 

extreme parameter values and verifying expected behavior. 

 

Model Parameterization (“baseline”) 
In Table S1, we present the specific parameter values that collectively comprise a simulation run under 

what we refer to as our “baseline” condition (i.e. the condition that produces organizational behavior, 

including mis-implementation, that corresponds to available data). With the exception of input from the 

Expert Advisory Group discussed above, data sources used to obtain each of these parameter values are 

described in greater detail below. 

 

 

Description Model Element 
Parameter 
Value Source Description 

Number of organization levels (mean) 
Organizational 
Structure  5 

Supplemental Stakeholder 
Interviews 

Number of organization levels (SD) 
Organizational 
Structure  0.8 

Number of subordinates assigned to 
supervisors (mean) 

Organizational 
Structure  5.1 

Survey Data 

Number of subordinates assigned to 
supervisors (SD) 

Organizational 
Structure  1.7 

 

Intervention count 
Active 
Interventions 50 

Supplemental Stakeholder 
Interviews 

Intervention age at run start (mean) 
Active 
Interventions 5 

Initial Stakeholder Interviews 

Intervention age at run start (SD) 
Active 
Interventions 3 

Intervention evidence support (mean) 
Active 
Interventions 0.3 

Supplemental Stakeholder 
Interviews 

Intervention evidence support (SD) 
Active 
Interventions 0.5 

Intervention stakeholder support 
(mean) 

Active 
Interventions 0.7 

Intervention stakeholder support (SD) 
Active 
Interventions 0.2 

Intervention funder support (mean) 
Active 
Interventions 0.4 

Intervention funder support (SD) 
Active 
Interventions 0.2 

Intervention age/evidence support 
(correlation) 

Active 
Interventions 0.2 
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Intervention age/stakeholder support 
(correlation) 

Active 
Interventions 0.25 

Intervention age/funder support 
(correlation) 

Active 
Interventions 0.15 

Intervention evidence support/ 
stakeholder support (correlation) 

Active 
Interventions 0.35 

Intervention evidence support/funder 
support (correlation) 

Active 
Interventions 0.3 

Intervention stakeholder 
support/funder support (correlation) 

Active 
Interventions 0 

 
Initial Agent EBDM (mean) EBDM Ability 0.75 Survey Data 

Initial Agent EBDM (SD) EBDM Ability  0.14 

Initial Agent information sharing 
propensity (mean) 

Information 
Sharing 
Propensity 0.72 

Initial Agent information sharing 
propensity (SD) 

Information 
Sharing 
Propensity 0.23 

 

Report probability function, external 
influence term 

Intervention 
Assessment 
Reporting 0.9 

Model Calibration  

Assessment update probability 
function, constant term 

Intervention 
Assessment 
Reporting 0.8 

Assessment update magnitude (scale) 

Intervention 
Assessment 
Reporting 0.4 

Information sharing propensity update 
magnitude (step) 

Information 
Sharing 
Propensity 0.1 

Continuation decision function, 
perception term 

Continuation 
Decisions -0.025 

Continuation decision function, age 
term 

Continuation 
Decisions -0.025 

Continuation decision function, 
stakeholder support term 

Continuation 
Decisions -0.1 

Continuation decision function, funder 
support term 

Continuation 
Decisions -0.1 

Continuation decision function, 
constant term 

Continuation 
Decisions 0.75 

Probability of new age 0 intervention 
replacement 

Continuation 
Decisions 0.33 

Expert Advisory Group 
 

EBDM update magnitude upwards 
(step) EBDM Ability 

0.083 
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EBDM update magnitude downwards 
(step) EBDM Ability 

0.028 

Monthly intervention evaluation 
probability 

Leadership 
Review 0.008 

Table S1: List of parameter values used in the model “baseline” condition. Model element and summary-

level information about data sources for each values are also presented here. 

 

Data Sources for Baseline Parameters 

Survey Data 

We utilized data from a national survey of state health department employees the research team 

conducted in 2018. 48 We also used data from a separate survey of a different sample of state health 

department employees conducted in 2016.49 Parameter values were derived as follows: 

 

Agent EBDM: For parameters used to stochastically initialize agents’ EBDM ability values, we combined 

(with equal weighting) four variables from the survey: (1) I am knowledgeable about evidence-based 

public health processes, (2) I have the skills I need to modify evidence-based interventions from one 

priority population to another, (3) I have the ability to lead efforts in evidence-based public health in my 

work unit, and (4) I have the skills to manage program and policy change within my work unit.  

Each of the variables was on a 1-5 Likert scale with 1 meaning strongly disagree with having the skill to 5 

strongly agree with having the skill. The mean and standard deviation of the resulting combined variable 

were translated into the 0-1 scale used in the model. 

Agent Information Sharing: For parameters used to stochastically initialize agents’ information sharing 

values, we used one variable from each of the survey response datasets at our disposal: (1) I have the 

skills to effectively communicate the value of evidence-based interventions to leaders in my agency. 

(responses on a 1-5 Likert scale)48 and (2) ...My work unit encourages communication and collaboration. 

(responses on a 1-7 Likert scale)49. Means and standard deviations for each variable were translated into 

the 0-1 scale used into the model and then combined with equal weighting. 

 

Initial Stakeholder Interviews 

Based on survey data collected from respondents in 2018, eight state health departments were 

purposively selected based on reported levels of mis-implementation.50 Employees (n=45) participated 

in semi-structured interviews in 2019. Solicited descriptions of active interventions were coded and used 

to parameterize intervention age parameters. 

 

Supplemental Stakeholder Interviews 
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Based on input from the core research team and the Expert Advisory Group in meetings held in January 

2020, it was determined that additional data were needed to support the agent-based model’s 

parameterization.  

The research team members developed an interview guide to obtain these supplemental data. The 

interview guide's development, testing, and IRB (institutional review board) approval occurred between 

March and June 2020. The instrument was designed to collect responses representing the perceived 

evidence political, funders, and stakeholder support for active interventions as well as perceived 

relationships between age, support, and effectiveness of programs and interventions. In addition, 

general questions about organizational structure (i.e., numbers of hierarchical levels and employees per 

supervisor) were included. The data collection happened in July and August 2020 and was conducted by 

two research team members and one public health consultant. In total, 13 interviews were conducted 

with chronic disease (former or current) directors/branch managers, one program manager, and one 

supervisor from state health departments of 13 states in the US. Because interview protocols and 

questions were designed specifically for parameterization of the ABM, translation into model parameter 

values was straightforward (e.g., distributions of responses on a 1-10 scale were translated onto a 0-1 

scale for use in the model). 

 

Model Calibration Exercise 

We used pooled responses to four questions from two surveys: the first, conducted in 2014 (n=1,237) 

asking (1) In your opinion, how often do programs continue that should have ended? and (2) In your 

opinion, how often do programs end that should not have ended?, with responses given on a 1-5 Likert 

scale51, and the second, conducted in 2018 (n=643) asking (3) How often do ineffective programs, 

overseen by your work unit, continue when they should have ended? and (4) How often do effective 

programs overseen by your work unit end when they should have continued?, with responses given on a 

1-5 Likert scale48. We translated all responses naively from categorical to continuous values (i.e., 1=0, 

2=.25, 3=.5, 4=.75, 5=1) for comparison to model output. 

We conducted a large sweep of the parameter space of all remaining free parameters. We calculated 

the rates of continuation and discontinuation mis-implementation for each parameter combination over 

50 simulation repetitions, and compared these rates to survey response data. 

The calibrated parameter values were those that minimized the distance between the mean model 

output and survey data in the phase space of the two mis-implementation rates: 

√(model continuation MI rate − survey continuation MI rate)2 + (model discontinuation MI rate − survey discontinuation MI rate)2 

 
Although we do not present these values in the paper to avoid implying to our audience a more rigorous 

assessment of model behavior than we were able to conduct, we subjected output to two statistical 

analyses. The first was an observation of the values that we minimized (i.e., straightforward comparison 

of means, averaged across repeated model runs). The best fit condition, which we selected as our 

“baseline,” was a mean difference of 0.033. The second used the mean Kolmogorov-Smirnov test 

statistic comparing the empirical CDFs of the survey and model data (averaged over all runs, then over 

both MI types); for the baseline condition, this resulted in a KS of 0.34. 
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Model Experimentation 

Experiment Mechanics (main) 

We implement several different “experiments,” applied alone or in combination to the baseline model 

described above, that represent broad changes in policies and practices modifying the structure of 

organizations and behavior of agents and leadership. Effects are described in general here, with specific 

values explored given in Table S2: 

 EBDM boost: multiply the mean of the organization EBDM distribution by a fixed coefficient, with a 

maximum EBDM mean value of 1. Agent EBDM values are drawn from the distribution and will 

change on average by a factor of the EBDM multiplier. 

 Sharing boost: after agents are generated, multiply the sharing score of every agent below the max 

level by a fixed coefficient, with a maximum sharing score of 1.  

 Altered organization structure distributions: organizations will have taller or wider average 

structures for differing values of the mean level count and subordinates/supervisor, 𝜇𝑚 and 𝜇𝑜. 

 Continuation function coefficient changes: alter the dependence of the discontinuation probability 

on top agent perception, intervention age, and stakeholder and funder support.  

o For each of our baseline conditions (original and covid-adjustment), the discontinuation 

probability of an average intervention (with mean value for all four intervention properties 

and top agent perception equal to intervention evidence support) is used as an additional 

internal parameter. We constrain the probability of discontinuation of an average 

intervention equal to this baseline value. If the age, stakeholder, or funder coefficients 

change, the perception coefficient is adjusted to maintain this constraint. 

 

 

 

Parameter 
Baseline 
value 

Policy 
values    

agent EBDM boost 1 1.1 1.3 1.5  

agent sharing boost 1 1.3 1.5 
1.3, top 3 
levels 

1.5, top 5 
levels 

organization structure: (mean levels, mean 
subordinates/supervisor) (5,5.1) (6,3.8) (4,8) (3,14)  
continuation function age coefficient -0.025 0    
continuation function stakeholder coefficient -0.1 0    
continuation function funder coefficient -0.1 0    

Table S2: The model policy sweep included the cartesian product over all lists of policy values listed in 

this table. 
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Additional Results 
Main Results (full) 

Run 
Condition 

MI, 
continuation 
(mean) 

MI, continuation 
(SD) 

MI, discontinuation 
(mean) 

MI, discontinuation 
(SD) 

Baseline 0.463 0.108 0.481 0.060 
10% EBDM 
boost 0.455 0.085 0.484 0.060 
30% EBDM 
boost 0.451 0.077 0.480 0.063 
50% EBDM 
boost 0.442 0.097 0.478 0.062 
30% sharing 
boost 
 top 3 levels 0.445 0.088 0.471 0.068 
50% sharing 
boost 
 top 3 levels 0.447 0.109 0.468 0.066 
30% sharing 
boost 
 all agents 0.432 0.096 0.486 0.069 
50% sharing 
boost 
 all agents 0.441 0.098 0.484 0.058 
Tall orgs: ~6 
levels 
 ~3.8 
emp/sup 0.453 0.112 0.472 0.062 
Wide orgs 1: 
~4 levels 
 ~8 emp/sup 0.443 0.085 0.502 0.076 
Wide orgs 2: 
~3 levels 
 ~14 emp/sup 0.479 0.107 0.501 0.080 
Continuation: 
no age term 0.253 0.081 0.468 0.054 
Continuation: 
no age or  
 stakeholder 
terms;  
 perception & 
funder only 0.143 0.064 0.458 0.058 
Continuation: 
perception  
 term only 0.114 0.061 0.436 0.064 
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Table S3: Distributions of mis-implementation frequencies (continuation and discontinuation) 

from run conditions displayed in main text Figure 3. 

 

Synergistic Intervention Effects 

Incorporated within our experimental application of our ABM was an assessment of synergistic 

impacts of multiple approaches. We identified a small set of combined approaches that 

displayed synergy (i.e., their impact on either type of mis-implementation was greater than the 

sum of both approaches applied individually). These are summarized in Table S3. The largest 

synergistic impacts were obtained by applying a change in decision-making processes alongside 

another approach, especially enhancing organizational EBDM capacity. 

 

MI Type Change 1 Change 2 
MI rate 
change 

Synergy 
contribution 

continuation Wider org 
structure 2 

Remove Intervention Age from 
Continuation Decisions 

-0.229 -0.035 

continuation Wider org 
structure 2 

50% Information sharing increase 
(organization-wide) 

-0.036 -0.031 

continuation Taller org 
structure 

30% EBDM Increase -0.033 -0.011 

continuation Taller org 
structure 

10% EBDM multiplier 1.1 -0.025 -0.007 

continuation Wider org 
structure 1 

Management sharing multiplier 1.3 -0.042 -0.004 

discontinuation EBDM 
multiplier 1.5 

Remove Intervention Age and 
External Stakeholder Support from 
Continuation Decisions 

-0.079 -0.054 

discontinuation EBDM 
multiplier 1.3 

Only Use Perceived Effectiveness in 
Continuation Decisions 

-0.089 -0.044 

discontinuation EBDM 
multiplier 1.5 

Only Use Perceived Effectiveness in 
Continuation Decisions 

-0.088 -0.041 

discontinuation EBDM 
multiplier 1.3 

Remove Intervention Age and 
External Stakeholder Support from 
Continuation Decisions 

-0.063 -0.039 

discontinuation EBDM 
multiplier 1.1 

Only Use Perceived Effectiveness in 
Continuation Decisions 

-0.058 -0.017 

discontinuation EBDM 
multiplier 1.1 

Remove Intervention Age and 
External Stakeholder Support from 
Continuation Decisions 

-0.036 -0.016 

discontinuation Taller org 
structure 

All org sharing multiplier 1.3 -0.014 -0.010 
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discontinuation EBDM 
multiplier 1.3 

Remove Intervention Age from 
Continuation Decisions 

-0.024 -0.010 

discontinuation EBDM 
multiplier 1.1 

Remove Intervention Age from 
Continuation Decisions 

-0.017 -0.007 

     

Table S4: combinations of experiments that displayed synergy. The type of mis-implementation 

for which synergy was observed is given in the leftmost column, with total impact on that type 

of mis-implementation and synergetic effect (relative to estimates of the changes applied 

alone) given in the rightmost columns, respectively. 

 

Sensitivity Analysis 
 

We performed sensitivity analysis by computing the model on a reduced sweep of the policy space for 

several additional “sensitivity conditions”. We explore different regimes for intervention replacement, 

fixing agent properties, and an alternate free parameter calibration that produces a “second best” fit 

with available mis-implementation frequency data. The conditions that fix agent properties, (e.g., “Fixed 

EBDM”) disable the mechanics that allow these values to update during model run; policies that alter 

these values for the entire model run operate normally. 

Sensitivity Condition 
Perception update prob., 
 constant term 

Intervention  
replacement prob. 

EBDM update 
steps 

Sharing 
update size 

Baseline 0.8 0.33 + 0.083, - 0.028 0.1 

Alternate calibration 0.5 0.33 + 0.083, - 0.028 0.1 

Always replace 
interventions 0.8 1 + 0.083, - 0.028 0.1 

Never replace 
interventions 0.8 0 + 0.083, - 0.028 0.1 

Fixed EBDM 0.8 0.33  + 0, - 0 0.1 

Fixed info sharing 0.8 0.33 + 0.083, - 0.028 0 
 

Table S5: parameter values differing from baseline (shown in bold) for each of the five conditions 

included in our sensitivity analysis. 

 

We visualize experiments across sensitivity conditions using a “policy effect” scale in the figure below. 

This scale is units of fractional change the no-policy MI rate for each condition. 

Significantly, the effect of changes to the coefficients of the continuation function remains strong across 

all sensitivity conditions. Other policies do see deflections in one direction or the other for some 

conditions. 

The “alternate calibration” condition represents only a small perturbation to quantitative model 

dynamics, and here we see only a modest improvement in the effect of sharing and EBDM multipliers on 
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MI rate. With that being said, the minor sensitivity of results to variation in a calibrated free parameter 

suggests that future data collection around these parameters might provide improved—and potentially 

useful from a policy and practice perspective—model precision. The other sensitivity conditions 

represent “extreme condition” testing, with key model dynamics and organizational processes set to 

their maximal or minimal values. Although this fortunately did not result in the model behaving 

unreasonably (e.g. all interventions being discontinued when up for consideration by leadership), these 

runs displayed larger variation in policy effects. Taken together, this indicates that our model dynamics 

are ones that matter quite a bit for our outcome of interest. Thus, further data collection and 

experimentation around them may be warranted.  

 

 

Figure S1: effect of “policy” changes in each experiment relative to baseline (no policy change) under 

each sensitivity analysis condition. 

 

Additional Model Testing 
We performed additional tests of our model to explore boundary adequacy (i.e., selectively removing 

dynamic pathways) and extreme conditions (i.e., initialization with uniformly maximum and minimum 

agent attributes. These tests suggested that our model was satisfactorily robust to manipulation. We 

reproduced main text Figure 3 below (Figure S2) for the sake of reader convenience, and then showed 

comparable results (Figures S3-S9) for these test conditions. 
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Figure S2: Results from runs depicted in main manuscript Figure 3. Box-plot distributions of mis-

implementation frequency (i.e., continuation of ineffective interventions or discontinuation of effective 

ones, respectively shown in the left and right panels) under the baseline as well as all “single 

intervention” policy value conditions. This includes “EBDM boost” conditions in which agents are 

initialized with larger EBDM values, “sharing boost” conditions in which agents are initialized with larger 

information sharing values, alternative organizational structures in which the organization is initialized 

such that it is either “wider” or “taller” than in the baseline condition, and conditions in which 

leadership utilizes different strategies for making continuation decisions. Median values are shown as 

vertical lines, the 25th and 75th percentile values as left and right box edges, 95% confidence intervals 

as horizontal lines, and outlier values as dots. Frequency values are shown on the x-axis and the sole 

deviation from the baseline condition noted on y-axis (other than the baseline itself). For ease of 

comparison, the baseline median is presented as a dashed line. 
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Figure S3: Results from runs with information sharing propensity updating dynamics turned off. Box-plot 

distributions of mis-implementation frequency (i.e., continuation of ineffective interventions or 

discontinuation of effective ones, respectively shown in the left and right panels) under the baseline as 

well as all “single intervention” policy value conditions. This includes “EBDM boost” conditions in which 

agents are initialized with larger EBDM values, “sharing boost” conditions in which agents are initialized 

with larger information sharing values, alternative organizational structures in which the organization is 

initialized such that it is either “wider” or “taller” than in the baseline condition, and conditions in which 

leadership utilizes different strategies for making continuation decisions. Median values are shown as 

vertical lines, the 25th and 75th percentile values as left and right box edges, 95% confidence intervals 

as horizontal lines, and outlier values as dots. Frequency values are shown on the x-axis and the sole 

deviation from the baseline condition noted on y-axis (other than the baseline itself). For ease of 

comparison, the baseline median is presented as a dashed line. 
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Figure S4: Results from runs with EBDM updating dynamics turned off. Box-plot distributions of mis-

implementation frequency (i.e., continuation of ineffective interventions or discontinuation of effective 

ones, respectively shown in the left and right panels) under the baseline as well as all “single 

intervention” policy value conditions. This includes “EBDM boost” conditions in which agents are 

initialized with larger EBDM values, “sharing boost” conditions in which agents are initialized with larger 

information sharing values, alternative organizational structures in which the organization is initialized 

such that it is either “wider” or “taller” than in the baseline condition, and conditions in which 

leadership utilizes different strategies for making continuation decisions. Median values are shown as 

vertical lines, the 25th and 75th percentile values as left and right box edges, 95% confidence intervals 

as horizontal lines, and outlier values as dots. Frequency values are shown on the x-axis and the sole 

deviation from the baseline condition noted on y-axis (other than the baseline itself). For ease of 

comparison, the baseline median is presented as a dashed line. 
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Figure S5: Results from runs with information sharing propensity and EBDM update dynamics turned off. 

Box-plot distributions of mis-implementation frequency (i.e., continuation of ineffective interventions or 

discontinuation of effective ones, respectively shown in the left and right panels) under the baseline as 

well as all “single intervention” policy value conditions. This includes “EBDM boost” conditions in which 

agents are initialized with larger EBDM values, “sharing boost” conditions in which agents are initialized 

with larger information sharing values, alternative organizational structures in which the organization is 

initialized such that it is either “wider” or “taller” than in the baseline condition, and conditions in which 

leadership utilizes different strategies for making continuation decisions. Median values are shown as 

vertical lines, the 25th and 75th percentile values as left and right box edges, 95% confidence intervals 

as horizontal lines, and outlier values as dots. Frequency values are shown on the x-axis and the sole 

deviation from the baseline condition noted on y-axis (other than the baseline itself). For ease of 

comparison, the baseline median is presented as a dashed line. 
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Figure S6: Results from runs with maximum information-sharing propensity at initialization. Box-plot 

distributions of mis-implementation frequency (i.e., continuation of ineffective interventions or 

discontinuation of effective ones, respectively shown in the left and right panels) under the baseline as 

well as all “single intervention” policy value conditions. This includes “EBDM boost” conditions in which 

agents are initialized with larger EBDM values, “sharing boost” conditions in which agents are initialized 

with larger information sharing values, alternative organizational structures in which the organization is 

initialized such that it is either “wider” or “taller” than in the baseline condition, and conditions in which 

leadership utilizes different strategies for making continuation decisions. Median values are shown as 

vertical lines, the 25th and 75th percentile values as left and right box edges, 95% confidence intervals 

as horizontal lines, and outlier values as dots. Frequency values are shown on the x-axis and the sole 

deviation from the baseline condition noted on y-axis (other than the baseline itself). For ease of 

comparison, the baseline median is presented as a dashed line. 
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Figure S7: Results from runs with minimum information-sharing propensity at initialization. Box-plot 

distributions of mis-implementation frequency (i.e., continuation of ineffective interventions or 

discontinuation of effective ones, respectively shown in the left and right panels) under the baseline as 

well as all “single intervention” policy value conditions. This includes “EBDM boost” conditions in which 

agents are initialized with larger EBDM values, “sharing boost” conditions in which agents are initialized 

with larger information sharing values, alternative organizational structures in which the organization is 

initialized such that it is either “wider” or “taller” than in the baseline condition, and conditions in which 

leadership utilizes different strategies for making continuation decisions. Median values are shown as 

vertical lines, the 25th and 75th percentile values as left and right box edges, 95% confidence intervals 

as horizontal lines, and outlier values as dots. Frequency values are shown on the x-axis and the sole 

deviation from the baseline condition noted on y-axis (other than the baseline itself). For ease of 

comparison, the baseline median is presented as a dashed line. 
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Figure S8: Results from runs with maximum information-sharing propensity at initialization. Box-plot 

distributions of mis-implementation frequency (i.e., continuation of ineffective interventions or 

discontinuation of effective ones, respectively shown in the left and right panels) under the baseline as 

well as all “single intervention” policy value conditions. This includes “EBDM boost” conditions in which 

agents are initialized with larger EBDM values, “sharing boost” conditions in which agents are initialized 

with larger information sharing values, alternative organizational structures in which the organization is 

initialized such that it is either “wider” or “taller” than in the baseline condition, and conditions in which 

leadership utilizes different strategies for making continuation decisions. Median values are shown as 

vertical lines, the 25th and 75th percentile values as left and right box edges, 95% confidence intervals 

as horizontal lines, and outlier values as dots. Frequency values are shown on the x-axis and the sole 

deviation from the baseline condition noted on y-axis (other than the baseline itself). For ease of 

comparison, the baseline median is presented as a dashed line. 
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Figure S9: Results from runs with minimum EBDM capacity at initialization. Box-plot distributions of mis-

implementation frequency (i.e., continuation of ineffective interventions or discontinuation of effective 

ones, respectively shown in the left and right panels) under the baseline as well as all “single 

intervention” policy value conditions. This includes “EBDM boost” conditions in which agents are 

initialized with larger EBDM values, “sharing boost” conditions in which agents are initialized with larger 

information sharing values, alternative organizational structures in which the organization is initialized 

such that it is either “wider” or “taller” than in the baseline condition, and conditions in which 

leadership utilizes different strategies for making continuation decisions. Median values are shown as 

vertical lines, the 25th and 75th percentile values as left and right box edges, 95% confidence intervals 

as horizontal lines, and outlier values as dots. Frequency values are shown on the x-axis and the sole 

deviation from the baseline condition noted on y-axis (other than the baseline itself). For ease of 

comparison, the baseline median is presented as a dashed line. 
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