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1 Abstract

This project presents a longitudinal analysis of leadership retention and network resilience
within the First2 Network, a statewide STEM education initiative in West Virginia. Data
between the years 2018 and 2023 was analyzed for this study. By integrating survival analysis
and social network analysis, the study explores how individual network position and organi-
zational affiliation influence continued engagement in leadership roles. Using Kaplan-Meier
estimates and a time-varying Cox Proportional-Hazards model, the analysis captures both
long-term retention probabilities and the dynamic impact of evolving centrality metrics. In
parallel, structural comparisons of leadership networks from the beginning and end of the
study period reveal key shifts in organizational participation and influence distribution. Over
time, the network transitioned from a more distributed structure to one that is increasingly
centralized and reliant on a few key individuals. The results suggest that a core group of
leaders have been retained throughout the study period and that leadership transitions have
altered the network’s structural integrity and collaborative diversity. Having leaders from a
mix of different organizations and sharing leadership responsibilities is important for keeping

the network strong and able to work together effectively.

2 Introduction

The project “Longitudinal Analysis of Network Resilience and Retention with
Leadership Group in the First2 Network” explores the critical role of leadership in
sustaining and strengthening collaborative networks. This study is based in the context of
the First2 Network, a National Science Foundation (NSF) statewide initiative in West Vir-
ginia designed to improve recruitment and retention in STEM fields. Over the past six years,
the network has developed a dynamic structure involving participants from K-12 institutions,
higher education, government agencies, and industry, collectively working to enhance stu-
dent success. The network’s growth and changes, shaped by adjustments in structure and
policies, make it well-suited for a longitudinal analysis to understand its resilience and mem-

ber retention.



A crucial element within any network’s structure is the role of leadership. Leaders serve
as connectors, facilitators, and influencers, shaping the flow of information, collaboration,
and decision-making. In the First2 Network, the dynamics of leadership retention and tran-
sitions are critical for maintaining the network’s integrity and ensuring continuity in collab-
orative efforts. However, there is still much to learn about how leadership roles are retained,
how leadership changes affect the network, and how the network stays strong through these

changes.

This project aims to conduct a comprehensive longitudinal analysis of the First2 Network,
with a specific focus on the resilience and retention of its leadership. In this context, re-
silience refers to the network’s capacity to sustain its structure, maintain strong connections,
and continue functioning effectively even when key members, particularly those in leadership
roles, leave or transition. It highlights the network’s ability to adapt to changes, preserve
collaboration, and prevent disruptions that could hinder its goals or overall stability. Using
advanced social network analysis (SNA) and survival analysis techniques, this study seeks
to answer the following questions:

1: What is the probability that a member of the leadership community remains active in
subsequent years?

2: What is the likelihood of leadership retention and how do departures affect the structure
and connectivity of the network?

3: If a member is already in a leadership role, what is the probability that they will maintain

their position in the following year?

This research focuses on understanding the critical role of leadership within the First2
Network, particularly how networks adapt to changes in leadership while retaining essential
participants. By examining leadership dynamics, this study aims to uncover strategies that
enhance network resilience, ensuring that even with transitions or departures, the network
continues to thrive. The insights gained will contribute to the development of more sus-
tainable network structures, enabling initiatives like the First2 Network to maintain their
effectiveness in promoting STEM education and fostering collaboration among diverse stake-

holders.



3 Background

3.1 Network Growth and Leadership Dynamics

The First2 Network, launched in 2018 in West Virginia, focuses on improving STEM re-
cruitment and retention among underrepresented and rural students. Over six years, the
network has supported student success through summer research immersions, student clubs,
and biannual conferences while fostering faculty collaboration through institutional teams
and network-wide initiatives. Social Network Analysis (SNA) has revealed a steady growth
in participation and connectivity, alongside fluctuations influenced by policy changes and
member transitions. Leadership, as a building block of the network, drives these efforts,
ensuring continuity, collaboration, and innovation. However, transitions in leadership can
disrupt these connections, raising questions about the resilience of the network’s structure.
This study aims to address these gaps by examining the longitudinal patterns of leadership

retention and their impact on the overall resilience of the network.

3.2 Theoretical Foundations

Social Network Theory (Wasserman and Faust, 1994) emphasizes how relationships between
individuals and groups influence the flow of information, collaboration, and decision-making
within a network. It focuses on key metrics like degree centrality and betweenness centrality
to understand the influence of individuals in the network. Leaders in the First2 Network
occupy central positions, acting as hubs and bridges for communication. Their departure
or reduced engagement can lead to fragmentation, making their retention critical for the
network’s connectivity and resilience. High centrality leaders contribute to the flow of in-
formation and collaboration, reinforcing their influence within their communities and the

broader network [11].

Balkundi and Kilduff in 2006 [3] examine how social network structures influence lead-
ership emergence and effectiveness. Thay have highlighted how both leaders’ centrality and

the interconnectedness of team members shape leadership perception and effectiveness.



Survival analysis is a key statistical method used across various domains, including
medicine, epidemiology, and engineering, to analyze time-to-event data [4]. While survival
analysis is traditionally employed in biomedical and mechanical reliability studies, its ap-
plication in social network analysis, particularly in understanding network resilience and
leadership retention, has gained significant attention. In our project, we used Kaplan-Meier
survival analysis to study the retention of leadership groups in the First2 Network, a so-
cial network dedicated to STEM education initiatives. Our goal is to assess the longevity
of leadership roles and identify key factors influencing group persistence over time. The
Kaplan-Meier estimator, introduced by Kaplan and Meier in 1958 [10], is one of the most
widely used non-parametric methods for estimating survival probabilities in time-to-event

data analysis.

Firouzjaei in 2022 [1] applied Kaplan-Meier survival analysis to examine user retention
in online question-and-answering communities. The study demonstrated that users who ac-
tively contributed to discussions had a higher probability of long-term engagement. Similar
survival-based methods can be employed to analyze leadership retention within social net-
works, where engagement levels and participation can influence long-term resilience. This

framework provides insights into predicting leadership persistence within the First2 Network.

Etikan et al. in 2017 [9] explain the Kaplan-Meier estimator as a key method in survival
analysis for handling time-to-event data. They demonstrate how to calculate survival prob-
abilities and plot survival curves. The paper highlights the estimator’s practical application
across fields like medicine, engineering, and economics, and discusses the use of the log-rank

test for comparing groups.

Lopes et al. in 2020 [12] applied Kaplan-Meier survival analysis to assess the longevity
of organizational networks, investigating how network structure and collaboration strategies
impact survival probabilities over the time. The authors employ Kaplan-Meier estimators
to estimate survival functions, compare different network types, and analyze the impact of

structural characteristics on network persistence. Networks with strong collaborative ties



and centralized leadership structures tend to have higher survival probabilities.

Snijders et al. in 2010 [14] explored dynamic network modeling through stochastic actor-
based models, providing insights into how individual roles evolve within social structures
a valuable complement to survival methods. Butts in 2008 [5] contributed to the method-
ological foundations for calculating network metrics like degree and betweenness centrality,
which are often used as predictors in survival models. Furthermore, Moody and White in
2003 [13] introduced the concept of structural cohesion, offering a hierarchical view of social

group stability, which informs interpretations of collective leadership persistence.

The Cox Proportional-Hazards Model [7] is a widely used semi-parametric survival anal-
ysis method that estimates the relationship between survival time and multiple covariates.
In contrast to the Kaplan-Meier estimator, which is non-parametric, the Cox model includes
explanatory variables. This makes it useful for studying factors that affect leadership re-
tention and transitions. In our project, we applied the Cox Proportional-Hazards Model
to analyze leadership retention and movement within the First2 Network, assessing how
structural attributes such as degree centrality, betweenness centrality, and organizational
affiliation impact the likelihood of leadership turnover. This approach enables us to quantify

the effect of leadership engagement and network positioning on long-term retention.

Ahmad and Khalid in 2024 [2] conducted a comparative study using Kaplan-Meier and
Cox models to analyze employee attrition, identifying key predictors influencing workforce
retention. Their findings highlight the advantages of Cox regression in quantifying the effect

of organizational factors on survival probability.



4 Methods used in Analysis

4.1 Data Collection

Each year from 2018 to 2023, the First2 Network administered a Social Network Survey to
collect information about the connections being formed within the network. Respondents
provided basic demographic information such as name, organization, and role (student, fac-
ulty, administrator, etc.) and were asked to name other people that whom they collaborated
on projects related to the First2 Network. The dataset used for this study includes annual
responses of the First2 Network members and the analysis done each year to determine the
participant connections and the communities formed. Over the six years of data collection,

289 individuals either responded or were named by someone who responded to the survey.

4.2 Previous Network Analysis

For analysis, survey responses were turned into an adjacency matrix of a graph where each
respondent (First2 Network member) is represented as a node with attributes such as name,
role (student, faculty, leader), organizational affiliation, and connection strength. The edges
in the graph represent relationships between participants, with weights on the edges in-
dicating connection strength derived from collaborative activities collected through survey
responses. Darrah et al. in 2024 [8] conducted Giant Component Analysis to measure the

size of the largest connected subnetwork for each year, assessing overall connectivity.

A community detection algorithm was chosen to be applied to the network that did not
allow for overlap in communities [8]. This helped determine if the network divided naturally
into groups that were more connected internally than they were connected externally. The
communities were then analyzed for similarities between network members. The fast-greedy
CDA was used for this work [6]. Communities for each year were identified within the giant

component, as detailed in Figure 1.

Two different centrality metrics were used to measure the connectedness of First2 Net-



work members. These two metrics are strength (weighted degree) and betweenness cen-
trality. Betweenness centrality for each vertex is the number of shortest paths that pass
through the vertex. Betweenness centrality changes with the number of nodes pairs, so the
statistic is normalized by dividing by the number of node pairs not including the node itself.
The normalization factor is (n-1)(n-2)/2 for undirected networks, where n is the number of

nodes.[15].

4.3 Leadership Group Identification

For this project it was important to determine which of the communities within the Net-
work represented the leadership group. In 2018, the leadership group was identified using the
community detection analysis and expert knowledge of members within First2 Network. Sub-
sequent leadership groups were determined annually based on their centrality and influence
in their respective communities. Leadership group data include participant names, commu-

nity IDs, degree centrality, betweenness centrality, organizational affiliation, and roles.

e 2018: Out of the six communities identified, the four smallest were almost entirely insti-
tutionally homogeneous, while the two largest communities were hetrogeneous, with many
oranizations represented. Community 1 was identified as the Leadership Group, as it in-
cluded a prominent Principal Investigator (PI) of the grant, a faculty member from Fairmont
State University, who played a central leadership role in the First2 Network. Her presence,
along with key members from multiple organizations, established this community as the co-
ordinating and decision-making group for network activities.

e 2019: Out of the six communities, the smallest two communities were mostly composed
of members from one or two institutions, while the other four communities were much more
heterogeneous than 2018. In 2019, the Leadership Group was identified as Community 1,
which included the same PI from Fairmont State University as a key member. This com-
munity had other influential members from institutions such as West Virginia University,
Marshall University, West Virginia State University, and High Rocks. The presence of mul-
tiple experienced faculty and organizational leaders in this community indicates its central
role in guiding the First2 Network’s initiatives and collaborative efforts.

e 2020: Except for the largest community, the others were institutionally homogeneous.



The Leadership Group was identified also as Community 1, which included the PI from
Fairmont State University as a key member.

e 2021: The largest community this year actually included members mostly from one insti-
tution, but was less central in the network than another smaller community that was much
more institutionally diverse. The community 5 was identified as the leadership group for
this year since it contained influential leaders from the group.

e 2022: All eight of the communities, except for the largest and most central one, were each
composed of members from single institutions. Community 1 is identified as the leadership
group.

e 2023: Of the seven communities, two of the largest communities were both composed of
people from nine organizations, another of the large communities was composed of almost
all members from one organization, and the smallest community was entirely from one or-

ganization. Community 1 is identified as the leadership group.

4.4 Leadership Group Longitudinal Anaysis

This project forcused on analyzing leadership retention, transitions, and their impact on net-
work resilience, several key data enhancements and tracking mechanisms were implemented.
The first step was to take the leadership community data from each year and combine it
to get a full list of leaders throughout the six years. Then, status columns were added be-
side each leader’s name to indicate whether that member remained active in the leadership
community, transitioned to another community, or exited the network in a given year. This
allowed for precise measurement of leadership retention rates and transition patterns across

the six-year period.

Leadership-specific cohorts were created based on the year individuals joined the lead-
ership group, enabling a longitudinal assessment of engagement trajectories. This tracking
identified leaders who persisted, moved to different roles, or left the network, providing valu-
able insights into leadership dynamics and their influence on network structure over time.

Additionally, community-level metrics were compiled annually, including leadership density,



and community size fluctuations. Leadership density was measured to assess the proportion
of leaders within each community, while turnover rates were analyzed to evaluate network
stability and adaptation to leadership transitions. These tracking mechanisms provide a
comprehensive understanding of leadership influence, and help to understand how leader-

ship shapes network resilience, engagement, and long-term sustainability.

Additional SNA techniques were applied to evaluate leadership dynamics and overall
network resilience. Leadership group retention within the giant component was analyzed
to determine its impact on network stability. Leadership Centrality was examined by cal-
culating strength and betweenness centrality for each leader to quantify their influence and
connectivity within the network. Changes in centrality scores were tracked over time to
identify leadership transitions and evolving roles. Connection Persistence was also assessed
by analyzing the stability of edges involving leadership group members, tracking whether
relationships between participants persisted across years. These analyses provided insights
into how leadership dynamics influenced the resilience and adaptability of the First2 Net-

work over time.

To explore retention and transitions, survival analysis techniques were employed. The
Kaplan-Meier Survival Curve was used to estimate the retention probability of leaders and
other participants within their communities or roles, allowing for a comparison of survival
probabilities for leadership groups across different years. Additionally, the Cox Proportional-
Hazards Model was applied to identify factors influencing retention and transitions, such as
leadership centrality, engagement strength, and organizational affiliation. This model also
analyzed the likelihood of leadership members transitioning between roles or communities,
providing insights into the dynamics of leadership retention and movement within the net-

work.

5 Results

The Network’s community structure was analyzed, individuals can belong to only one com-

munity, unlike cliques. A community is a group of nodes where members are more likely to



be connected within the same group than with members of other communities. Figure 1 vi-
sualizes this structure, with nodes colored by community membership and sized by strength,
ensuring visibility. Shaded regions highlight each community, though membership does not
overlap. Black edges indicate connections within communities, while red edges represent

links between different communities.
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Fig. 1 Communities Structures for All Years
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5.1 Betweenness Centrality Bar Plots

To analyze the betweenness centrality distribution of leadership groups from 2018 to 2023, we
processed leadership network data for each year. The dataset for each year contained infor-
mation about member names, their unique IDs, organizational affiliations, and betweenness
centrality scores, which measure the influence of an individual in terms of network connec-
tivity in the overall graph. Bar plots were generated for each year, displaying members IDs
on the x-axis and their betweenness scores on the y-axis to highlight the most influential

individuals (See Figure 2).
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2022 Leadership Group: Betweenness Centrality Distribution 2023 Leadership Group: Betweenness Centrality Distribution
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Figure 2 Bar Plots of Highest Betweenness Centrality for Each Year

5.2 Survival probability

To analyze the survival probability of individual leaders within the First2 Network, we ap-
plied the Kaplan-Meier survival estimation, which models the likelihood of a leader remaining
in the leadership group over time. This approach accounts for censored data (leaders still

active) and event occurrences (leaders leaving the group).

The survival probability for each leader was computed using the formula:

(n—d

S(t)=5S(t—1) x
where:
e S(t) represents the survival probability at year t,
e 1 is the number of leaders at risk at the start of year ¢,

e d is the number of leaders who left the group in year t.

To determine n, the number of leaders at risk, we considered all leaders who were still
active at the beginning of each year. If a leader left the leadership group in a given year,

they were removed from the at-risk population for subsequent years. If a leader rejoined

13



after leaving, they were treated as a new observation with a separate survival probability

calculation for their reentry period.

For each individual, the survival probability was calculated iteratively from their entry
year until their departure or the last observed year (2023). The survival function was up-
dated step by step, adjusting for fluctuations in the at-risk population due to departures
and reentries. Leaders who remained active for multiple years without leaving maintained a
higher survival probability, while those who left earlier or had frequent transitions exhibited

lower survival probabilities.

In Kaplan-Meier survival analysis, a participant’s survival probability is only defined
from the year they enter the study. If an individual joins the leadership group in 2019, their
survival probability for 2018 is not defined because they were not yet at risk. The baseline
survival probability (S(0) = 1.0) is assigned at the time of entry, which means that for
someone who joins in 2019, their S(2019) = 1.0, indicating full survival at the time of entry.
This analysis provided individual-level information on leadership retention patterns, high-
lighting how leadership transitions, re-entries, and sustained participation influence network

resilience over time.

5.2.1 Kaplan-Meier Survival Curve for Leadership Retention (2018-2023)

The Kaplan-Meier survival curve shown in Figure 3 illustrates the retention dynamics of
leaders in the First2 Network between 2018 and 2023. Each point on the curve represents
the estimated probability that a leader remains in the leadership group after a given number
of years since joining. From the dataset, a total of 82 leaders were included, with their
time in leadership roles ranging from 1 to 6 years. The Time variable captures the duration
each leader remained in a leadership role, and the Event variable records whether the leader

exited the group by 2023 (1 for exit, 0 for still active).

The Kaplan-Meier survival curve (Figure 3) plots leadership retention over time, where

the x-axis represents the number of years since a leader joined the leadership group, and the

14



y-axis shows the probability of survival: the likelihood that a leader remains active in the
group at a given point in time. The curve begins at 1.0, reflecting full retention at entry,
and drops in steps whenever an exit occurs. A sharp decline is observed in the first year,
indicating that a significant number of leaders leave soon after joining, possibly due to short-
term roles or limited organizational support. The curve continues to gradually decrease over
the next few years, showing consistent attrition, and eventually plateaus around a survival
probability of 15 to 20% in year 5. This plateau suggests the emergence of a small and
resilient group of long-term leaders who remain consistently engaged. The shaded region
surrounding the curve in Figure 3 represents the 95% confidence interval, indicating the
uncertainty in estimating survival probabilities at each time point. The interval becomes
wider in later years, reflecting higher variability due to a smaller number of individuals
remaining in the sample. Together, the curve highlights both early dropout patterns and the
formation of a core of committed leadership over time. The plateauing of the curve in later
years suggests that those who persisted beyond 4 years were more likely to remain engaged
in leadership, highlighting the potential presence of a committed leadership. The results of

this analysis are presented in Figure 3.

Kaplan-Meier Survival Curve for Leadership Retention (2018-2023)
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Figure 3 Kaplan Meier Survival Curve Leadership Retention (2018-2023)
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5.3 Cox Proportional-Hazards Model

To understand the dynamics of leadership retention in the First2 Network from 2018 to
2023, we also applied a Cox Proportional-Hazards Model, a widely used method in survival
analysis for modeling the time until an event occurs. In our case, the event is exiting the
leadership group. The Model is a way to study how long people stay in a group or how long
it takes for something to happen like a leader leaving their position. This model lets us see
different factors like how connected someone is in the network (degree centrality), how im-
portant they are as a bridge between others (betweenness centrality), or which organization
they belong to affect the risk of them leaving leadership. We call this risk the hazard. The
model is used to calculate the hazard (or risk of leaving) at any point in time based on a few

key variables, while taking into account that time affects different people in different ways.

A key idea in this model is called proportional hazards. This means we assume that the
effect of each variable on a person’s risk of leaving stays the same over time. So, if being
from a certain organization doubles someone’s risk of leaving in year 1, it also doubles their
risk in year 3 the relative impact does not change. The Cox model helps us understand who
is more likely to leave leadership and why, while taking into account that people are in the

group for different lengths of time.

The Cox Proportional-Hazards Model is defined by the following equation:

hi(t) = ho(t) - exp(Biziy + Batia + -+ - + Bpip)

where:
e h;(t) is the hazard for individual 7 at time ¢,
e hy(t) is the baseline hazard function,
e 1;; are covariates such as degree centrality, betweenness centrality, and organization,

e [3; are the corresponding coefficients.

16



The key assumption is that proportional hazards, the ratio of hazards between individ-
uals, remains constant over time. We constructed a time-varying dataset where each leader
is represented by multiple rows, one for each year they were active in leadership. Each row
represents a [start, stop) interval and includes: Start and stop year of each leadership inter-
val, degree centrality and betweenness centrality at the start of the interval, organizational
affiliation (encoded as dummy variables), event indicator (1 if the individual exited lead-
ership during the interval, 0 otherwise). Leaders who were still in leadership in 2023 were

marked as right-censored (Event = 0 ) in their final interval.

We excluded 2023 centrality values because the Cox model requires a future interval to
define the effect of those values (a stop year beyond 2023). Hence, for those still in leadership
in 2023, their final modeled interval was 2022-2023 using 2022 centrality data. The model

was fit on 14 individuals across 35 time intervals, with 16 exit events.

The forest plot (Figure 4) visualizes the results of the Cox Proportional-Hazards model,
which estimates how various factors affect a leader’s risk of exiting the network over time.
The x-axis displays the hazard ratio (HR = exp(coef)), where a value of 1 (marked by a red
dashed line) indicates no effect. Values less than 1 represent a protective effect the variable
decreases the likelihood of exit while values greater than 1 indicate an increased risk of de-
parture. The y-axis lists the covariates included in the model, including continuous variables
(degree and betweenness centrality) and dummy variables for organizational affiliation. In
this plot, the x-axis extends up to 12,000 to accommodate extreme hazard ratio values and

a confidence interval upper bound of 12,372.16 for betweenness centrality.

The Cox model results show that a one-unit increase in degree centrality was associated
with a modest reduction in the risk of exiting leadership (Hazard Ratio = 0.94, (p = 0.08 ),
although this effect was not statistically significant. This suggests that leaders with higher
degree centrality those more connected to others may be slightly more likely to stay, though
the effect is uncertain. Similarly, betweenness centrality showed a very low hazard ratio
(HR = 0.01), indicating a potentially strong protective influence, but again the result lacked

statistical significance (p = 0.68) due to a wide confidence interval.
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Cox Model: Hazard Ratios with 95% Confidence Intervals
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Figure 4 Forest Plot for the Cox Hazard Model

In this model, Fairmont State University is used as the reference group for comparison,
so it is not listed on the plot. Instead, each organizational variable represents the rela-
tive risk of leaders from that organization leaving, compared to those from Fairmont. For
example, leaders affiliated with Pocahontas County Schools showed a significantly higher
risk of exit, with a hazard ratio of 43.64 and a confidence interval that does not cross 1.
This makes it the only statistically significant organizational factor in the model. Other
organizations, such as HEPC, Green Bank Observatory, and SRI, had either protective or
risky trends, but their confidence intervals crossed 1, indicating the results were not statis-
tically significant. The large hazard ratio was too extreme to display clearly in the forest

plot and resulted in axis scaling that made smaller effects (like 0.94) appear near the margin.

Additionally, the network centrality measures degree and betweenness both had hazard

ratios less than 1, suggesting a potential protective effect that means leaders who are more
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connected or serve as network bridges may be slightly less likely to leave. However, these
effects were not statistically significant due to wide confidence intervals. Overall, the plot
illustrates which variables may influence retention, while highlighting the uncertainty and
variability across factors. Overall, the forest plot helps visualize the estimated effect sizes (in-
dicated by points) and their associated uncertainty (represented by gray confidence intervals)
for each covariate. Despite most variables showing nonsignificant effects, the significantly
elevated risk associated with Pocahontas County Schools (this represented one leader early
in the project) points to a potentially meaningful pattern in how institutional context in-
fluences leadership retention within the network. The results of this analysis are shown in

Figure 4.

The zoomed-in forest plot, shown on (Figure 5) focuses on a hazard ratio (HR) range
of 0 to 5. This view enhances visibility of covariates with smaller or moderate effect sizes
that are difficult to distinguish in the full range plot. For example, the hazard ratios for
degree (0.94) and betweenness (0.01), as well as several organizational affiliations, are clearly
displayed. Among the organizations, High Rocks had a hazard ratio of 0.07, HEPC had 0.30,
Green Bank Observatory had 0.16, Glenville State College had 0.17, and SRI had 0.00, all
suggesting reduced risk of exiting leadership, though none were statistically significant due to
wide confidence intervals. TechConnect WV had a hazard ratio of 2.74, Marshall University
had 2.13, and West Virginia State University had 1.71, indicating a higher estimated risk
of exit relative to the reference group. The red dashed line at HR = 1 represents no effect.
Points to the left of this line imply a protective effect, while those to the right suggest
increased risk. Though Pocahontas County Schools (HR = 43.64) is not visible in this plot
due to the scale limit, this zoomed-in version allows for easier comparison and interpretation
of the majority of covariates, especially those with moderate effects, and complements the

full-range plot. The results of this analysis are shown in Figure 5.
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Zoomed-In Forest Plot with Hazard Ratio Labels (HR 0-5)
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Figure 5 Zoomed in Cox Model Forest Plot Focused on Hazard Ratio 0 to 5

5.4 Comparative Analysis of Network Structure: 2018 vs. 2023

To investigate how leadership transitions have influenced the structure and cohesion of the
First2 Network over time, we conducted a comparative analysis for leadership networks in
the years 2018 and 2023. Our intention was to evaluate whether departures of key individ-
uals led to structural changes in the form of reduced connectivity, increased centralization,

and loss of institutional diversity.

We used two centrality based measures strength (interpreted as degree or connectivity)

and betweenness centrality (a measure of bridging) to assess each leader’s structural role
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in the network. Additionally, we examined the number of participating organizations and
the distribution of leaders across them to understand how cross-institutional collaboration

evolved.

For this analysis we focused on node-level centrality data for structural change. By com-
paring summary statistics of the 2018 and 2023 leadership cohorts, we assessed trends in
network cohesion, and dominance by specific organizations. The results of this analysis are

presented in Table 5.4.

Table 1 Comparison of Centrality and Structural Diversity (2018 vs. 2023)

Metric 2018 | 2023
Average Strength 12.55 | 10.11
Standard Deviation (Strength) 13.82 | 10.12
Average Betweenness Centrality 0.0437 | 0.0280
Standard Deviation (Betweenness) 0.0778 | 0.0780
Maximum Betweenness 0.2614 | 0.3730
Leaders with Betweenness > 0.05 6 2
Number of Organizations Represented 12 6
Leaders from Fairmont State University ) 14

The results suggest a clear shift toward a more centralized and less diverse leadership struc-
ture. The average strength and betweenness centrality have declined over time, indicating a
reduction in overall connectivity and bridging roles within the larger network. At the same
time, maximum betweenness increased, highlighting a growing dependence on a small num-
ber of highly central individuals most notably by the individual with ID 8 in 2023, whose

betweenness (0.3730) far exceeds the mean.

Additionally, the leadership network has become increasingly dominated by a fewer in-
stitutions. While 12 organizations were represented in 2018, only 6 remained by 2023, and
the proportion of leaders from Fairmont State University rose from 5 to 14. This suggests a

loss of cross-institutional diversity and a concentration of leadership within one institution
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in the Network.

In summary, the structural comparison reveals that leadership transitions from 2018 to
2023 have contributed to a less resilient and more institutionally concentrated network, it has
made the network less balanced and more focused around one institution. This may make
the network easier to break apart and limit chances for leaders from different organizations

to work together.

6 Discussion

This section will answer the three main questions posed in the introduction.

Research Question 1: What is the probability that a member of the leadership community

remains active in subsequent years?

To answer this question we used Kaplan-Meier survival analysis method. This method
enabled us to estimate the survival probability of leaders over time. The resulting Kaplan-
Meier survival curve revealed a steep decline in the early years of leadership involvement,
followed by a plateau after year four. This suggests that many leaders exit within the first
few years, but those who persist past this period are likely to remain involved longer-term.
The survival function provides a clear, interpretable view of leadership persistence over the

six-year period from 2018 to 2023.

Research Question 2: What is the likelihood of leadership retention, and how do depar-

tures affect the structure and connectivity of the network?

To answer this question we conducted a comparative analysis of leadership network struc-
ture using data from 2018 and 2023. By evaluating node level centrality measures specifically
strength and betweenness centrality. We assessed the distribution of influence and bridging

roles within the leadership group at two points in time. We also examined the number of
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organizations represented to evaluate cross-institutional participation.

The results indicate a clear shift toward centralization and reduced diversity. From 2018
to 2023, average strength and average betweenness centrality declined, suggesting a reduction
in overall network connectivity and distributed leadership. At the same time, the maximum
betweenness centrality increased, showing growing dependence on a small number of indi-
viduals, particularly one leader in 2023 whose betweenness significantly exceeded the group
average. Furthermore, the number of leaders from Fairmont State University nearly tripled,
while the total number of represented organizations dropped by half. These findings suggest
that leadership transitions over the years have contributed to a more institutionally concen-
trated and structurally vulnerable network, with potential implications for its resilience and

collaborative capacity.

Research Question 3: If a member is already in a leadership role, what is the probability

that they will maintain their position in the following year?

To answer this questions we used the time-varying Cox Proportional-Hazards Model.
This model considered each individual’s evolving degree and betweenness centrality scores,
along with organizational affiliation, to estimate their year-to-year exit risk. Each row in the
dataset represented a [start, stop) interval during which a leader was active. The model al-
lowed us to capture how dynamic network positioning influenced the likelihood of remaining
in leadership. Although centrality values showed suggestive (but not statistically significant)
protective effects, organizational affiliation proved to be a significant predictor. This model
framework provided a robust method for estimating one-year retention probabilities within

the leadership group.

7 Conclusion

This study applied survival analysis and network analysis techniques to investigate leader-

ship retention and structural change within the First2 Network from 2018 to 2023. Using a
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combination of Kaplan-Meier survival estimates, Cox Proportional-Hazards modeling, and
centrality-based structural comparisons, we addressed three core research questions related
to leadership persistence, year-to-year retention, and the impact of leadership transitions on

the network’s connectivity and resilience.

The Kaplan-Meier survival analysis revealed that leadership retention drops sharply in
the initial years, suggesting a relatively high early exit rate. However, individuals who re-
mained past the fourth year demonstrated a higher likelihood of continued involvement,

indicating that a more stable leadership core forms over time.

A comparative analysis of network structure between 2018 and 2023 highlighted a shift
toward greater institutional concentration and structural centralization. While average
strength and betweenness centrality declined signaling reduced overall connectivity maxi-
mum betweenness increased, showing growing dependence on a few key individuals. The
sharp rise in representation from a single institution and a concurrent drop in the number of
participating organizations point to reduced cross-institutional collaboration and increased

vulnerability to the loss of key leadership members.

The time-varying Cox model offered insight into the factors influencing year-to-year reten-
tion, suggesting that leaders with stronger or more central network positions were somewhat
less likely to exit. Organizational affiliation, however, emerged as a statistically significant

predictor of exit risk, reinforcing the role of institutional context in leadership dynamics.

Taken together, these findings suggest that while the First2 Network has retained a
core group of leaders over time, leadership transitions have altered the network’s structural
integrity and collaborative diversity. The increased reliance on a few key individuals and or-

ganizations may limit the network’s resilience and capacity to support distributed leadership.
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