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Abstract
Tornadoes are the deadliest type of natural disaster in Tennessee, and detailed 
analysis of tornado vulnerability in Tennessee is necessary to improve 
preparedness. This study defines tornado incidence as the likelihood of a 
particular location to experience tornadoes, and societal exposure as the 
ability of a particular community to cope with and recover from tornado 
disasters. Tornado incidence and societal exposure are combined to estimate 
overall tornado vulnerability across the state on a county-by-county basis. 
Tornado count data are used to assess tornado incidence. Regression analysis 
indicates that out of a selection of social vulnerability indices from previous 
literature, The Center for Disease Control and Prevention’s SVI index best 
predicts tornado fatalities, so it is used to estimate societal exposure. The 
study found that tornado vulnerability generally decreases from southwest to 
northeast across the state with Hardeman, Haywood, Lake, and Lauderdale 
counties identified as most vulnerable.
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Introduction
Tornadoes represent the deadliest category of natural disaster in Tennessee. 
From 1950 to 2017, tornadoes inflicted 347 deaths, 4,500 injuries, and $1.8 
billion in property damage in Tennessee (NCEI, 2019). These statistics 
indicate that there is much room for improvement for tornado prepared-
ness in Tennessee. A detailed assessment of tornado vulnerability on a 
county-by-county basis across Tennessee will likely be a valuable tool for 
decision-makers who seek to improve preparedness in the state.

This study uses a conceptual model adapted from Dixon and Moore 
(2012) which defines tornado vulnerability as a function of climatological 
conditions (tornado incidence) and socioeconomic conditions (societal 
exposure). Tornado incidence represents the frequency and strength of 
tornadoes affecting a particular community. It will be calculated using data 
on the geographic location and Fujita Scale rating of historical tornadoes. 
Societal exposure represents the ability of a particular community to cope 
with and recover from natural disasters including tornadoes (Flanagan, 
Hallisey, Adams, & Lavery, 2018). It will be assessed through the calculation 
of various social vulnerability indices. These indices incorporate socioeco-
nomic variables such as income, education, and demographics and calculate a 
single value which represents the social vulnerability of a given location. Two 
social vulnerability indices have been designed for use with natural disasters 
(Flanagan et al., 2018), (Cutter, Boruff, & Shirley, 2003), but their effectiveness 
in predicting tornado impacts specifically has not been assessed. This study 
will provide a basic assessment of these two indices and their effectiveness in 
predicting tornado fatalities with the more effective index chosen to estimate 
societal exposure for this study.

Previous tornado studies in Tennessee have been performed; however, 
those studies focused on tornado incidence only (Brown, Ellis, & Bleakney, 
2016), (Ozdenerol, 2004). The authors agreed that tornadoes are generally 
most common on the western side of the Tennessee and least common on 
the eastern side. However, it is important to also ascertain where the highest 
societal exposure to tornadoes lies. This study will build upon the previous 
studies by combining both tornado incidence and societal exposure to form 
a more well-rounded picture of tornado vulnerability in Tennessee. 

Literature Review

Tornado Incidence in Tennessee

While Tennessee is not part of the traditional “Tornado Alley”, it is, accord-
ing to recent research, one of the most tornado-prone states in the nation. 
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Notably, western Tennessee has suffered the highest rate of tornado-related 
fatalities in the United States since 1880 (Ashley, 2007). This region, along 
with much of the Southeast, is often referred to as “Dixie Alley” and is 
known for fast-moving tornadoes, nocturnal tornadoes, and tornadoes 
with high fatality rates (Ashley, 2007). Spatial analysis using kernel density 
estimation indicates that the area of highest tornado risk in the United States 
is not limited to traditional Tornado Alley but rather “extends roughly from 
Oklahoma to Tennessee and northwestern Georgia” (Coleman & Dixon, 
2014, p. 366). Since this corridor encompasses western and middle Tennessee, 
these areas can be characterized as highly tornado-prone. Dixon et al. (2011) 
also noted that “Tornado Alley” should be extended to incorporate the 
southeastern United States including Tennessee. Also noteworthy is that 
Tennessee’s tornado count in its peak years eclipses that of the Plains states 
(Brown et al., 2016).

Additionally, the observed effect of climate change on the spatial distri-
bution of tornadoes indicates that tornado risk in Tennessee may increase 
in the future. The Southeast, including Tennessee, experienced an increase 
in tornadic activity between 1984-2013 compared with 1950-1983 (Agee 
et al., 2016) Regression analysis also indicated a statistically significant 
upward trend in Southeast tornado counts (Moore, 2018).  STP (Significant 
Tornado Parameter) values in the Southeast also demonstrated a statistically 
significant increase since 1979 (Gensini & Brooks, 2018). In all three of these 
studies, Tennessee was included within the Southeast region suggesting 
that the frequency of tornadoes in Tennessee is increasing. Since Tennessee 
is already one of the most tornado-prone states in the nation in terms of 
tornado counts and fatality counts, and tornado risk is expected to increase in 
the future, it is possible that Tennessee will become an epicenter for tornadic 
activity later in the 21st century and beyond.

Societal Exposure in Tennessee

Disproportionately high tornado fatality rates in Tennessee suggest that the 
state suffers significant societal exposure to tornadoes. From 1880 to 2007, an 
area of southwestern Tennessee near Memphis suffered the highest tornado 
fatality rate in the nation (Ashley, 2007). Several explanations for this high 
fatality rate have been proposed including high frequencies of nocturnal 
tornadoes (Brown et al., 2016) and off-season tornadoes (Brooks, Doswell, 
& Kay, 2003), the prevalence of mobile homes (Sutter & Simmons, 2010), 
and a lack of awareness and preparedness among residents (Ellis et al., 2018). 
Nocturnal tornadoes pose a greater threat to human life because they are 
difficult to see and because they strike while most of the population is asleep 
and unable to receive tornado warnings (Ashley, Krmenec, & Schwantes, 
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2008). Fall and winter tornadoes are more dangerous because daylight is 
shorter during these seasons leading to more nocturnal tornadoes (Ashley 
et al., 2008) and because residents are less likely to be mentally aware of 
tornado risk (Brown et al., 2016). The danger that tornadoes pose to mobile 
homes is well documented. An individual is 10 to 20 times more likely to 
die from the same tornado in a mobile home than in a permanent home 
(Brooks & Doswell, 2001), (Simmons & Sutter, 2006). These factors, which 
have combined to produce Tennessee’s high fatality rate, exemplify the 
state’s high societal exposure to tornadoes. Tennessee’s increasing tornado 
incidence rate and significant societal exposure to tornadoes underscore 
the importance of assessing tornado vulnerability patterns and improving 
preparedness throughout the state.

Methodology

Study Area

Tornado vulnerability was assessed on a county-by-county basis throughout 
Tennessee. Additionally, in order to make this study more useful for National 
Weather Service (NWS) operations, the study area was expanded to include 
additional counties from neighboring states such that the entirety of the 
NWS Memphis, Nashville, Morristown, and Huntsville forecast areas are 
covered. This resulted in the addition of ten Alabama counties, eleven 
Arkansas counties, twenty-two Mississippi counties, two Missouri counties, 
two North Carolina counties, and seven Virginia counties.

Tornado Incidence Data and Analysis

Tornado path data representing all reported tornadoes between 1950 and 
2017 were obtained from the Storm Prediction Center. These data were used 
to determine tornado counts and incidence. F0/EF0 and F1/EF1 tornadoes 
were excluded because of reporting bias in urban areas (Anderson, Wikle, 
Zhou, & Royle, 2007). Weighted tornado counts were calculated according 
to the following scheme: F2/EF2 = 2 points, F3/EF3 = 3 points, F4/EF4 = 
4 points, F5/EF5 = 5 points. This weighting scheme is adapted from the 
Texas study (Dixon & Moore, 2012). The distribution of tornado reports at 
the county level was noisy. Since the sample size of tornado events is rather 
small (less than 40 tornadoes per county), county-level tornado counts 
are likely influenced more by chance than by underlying tornado risk. To 
eliminate this issue, tornado incidence for each county was estimated using 
the tornado count within 50 miles of the county’s centroid. This process 
increased the sample size for each county, resulting in a much smoother 
spatial distribution of tornado incidence.
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Tornado fatality, injury, and property damage data were obtained from 
the NCEI Storm Events Database. The SPC tornado database has data for 
each tornado, but it is not divided on a county-by-county basis. Thus, the 
NCEI data was necessary to determine fatality, injury, and property damage 
totals per county.

Societal Exposure Data and Analysis

Societal exposure was estimated in this study through social vulnerability 
indices. Calculating a social vulnerability index is a well-established method 
of identifying which counties are best prepared to cope with and recover 
from a potential natural disaster. Two social vulnerability indices are relevant 
for the purposes of this study: the SVI and the SoVI. The SVI was designed 
by the Centers for Disease Control and Prevention (CDC) (Flanagan et al., 
2018). It utilizes fifteen socioeconomic variables: per capita income, poverty, 
unemployment, education level, population age 65 or older, population age 
17 or younger, disabled population, single-parent households, minority 
population, non-English-speaking population, multi-unit structures, mobile 
homes, crowded households, households with no vehicle, and population 
in group quarters (Flanagan et al., 2018). SVI values are calculated by sum-
ming the national percentile values of each of the fifteen variables for each 
respective county. Thus, the lowest possible score is 0 and the highest possible 
score is 15. In practice, the lowest values are generally around 6 while the 
highest values are around 12. Higher values signify greater vulnerability to 
disasters (Flanagan et al., 2018). The SoVI was originally designed by Susan 
L. Cutter, Bryan J. Boruff, & W. Lynn Shirley in 2003, with further updates 
following. This study utilizes the SoVI 2010-14, which is calculated using 
29 variables. An additive model is used to combine the variables and the 
result is normalized, producing a Z-score. Negative values represent lesser 
vulnerability to disasters while positive values represent greater vulnerability 
(Cutter et al., 2003). These two indices were then evaluated based on their 
effectiveness in predicting tornado fatalities.

The SVI and SoVI indices were compared using regression modeling 
to estimate which index exhibits stronger correlation with tornado fatalities. 
A general empirical validation for these indices, accounting for all natural 
disaster types, had been performed by Bakkensen, Fox-Lent, Read, and 
Linkov (2017). The dataset for this study included all natural disasters in 
the Southeastern U.S. from 2000-2012. The results indicated that the SVI is 
a statistically significant predictor of disaster-related property damage and 
fatalities while the SoVI is a statistically significant predictor of property 
damage but not fatalities. Based on these results, it was hypothesized that the 
SVI would perform better, since, in the Bakkensen et al. study, it exhibited 
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statistically significant correlation with fatality counts while the SoVI did not.
A dataset of fatal tornado events was compiled using data from the 

NCEI Storm Events Database. All tornadoes within the study area between 
1950 and 2017 which caused at least one fatality were selected. The resulting 
dataset contained 204 fatal tornado events. The NCEI Database provides 
tornado data on an event-by-event basis. Therefore, if multiple fatal tornadoes 
occurred in the same county on the same day, a separate entry is provided 
for each tornado. The date, time, county, population density of the county in 
the closest census, fatality count, and Fujita Scale rating of each fatal tornado 
event were recorded. Population density was determined by rounding the 
tornado year to the nearest decade and using the appropriate census. For 
example, a 1954 tornado would be paired with 1950 Census data while a 1955 
tornado would be paired with 1960 Census data. All other storm-related data 
were obtained from the Storm Events Database. The 2014 SVI and 2010-2014 
SoVI values for the appropriate county were also included in each tornado’s 
entry. These data were obtained at the county level from the authors’ websites. 
To estimate population density, census data from 1950-2010 at the county 
level were obtained from the National Historical GIS. 

 For this study, the negative binomial regression model from 
Bakkensen et al. (2017) was adapted with slight modifications. Negative 
binomial regression is the appropriate model for this type of analysis because 
fatalities represent count data and because fatality data is overdispersed (the 
variance is greater than the mean) and extremely right skewed. Underlying 
risk rate was omitted because that variable was mainly useful for dealing with 
a wide range of disasters over a large study area. Tornado Fujita rating was 
added to the model because it is an extremely significant factor in determin-
ing a tornado’s impact. Thus, the explanatory variables used in this study are 
population density, tornado strength, and social vulnerability, represented by 
the SVI and SoVI. Values for the SVI and SoVI were both normalized. These 
modifications were necessary because the Bakkensen model incorporated 
all disaster types while this study incorporates only tornadoes. 

 The model equation was designed as follows:

Fi,j,t represents fatality count of tornado j in county i in year t. Ii 
represents social vulnerability in county i. The normalized SVI and SoVI 
were used in this term. Pi,t represents population density in county i in year t, 

Fi,j,t = β0 + B1Ii + B2 ln(Pi,t) + B3Fj + μi,j,t
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in population per square mile. Fj represents the Fujita Scale rating of tornado 
j. μi,j,t represents the error term.

The model was run twice; once with the SVI as an explanatory vari-
able and once with the SoVI as an explanatory variable. The correlation 
between social vulnerability index values and fatalities was noted for each 
run. Since the indices were both normalized, their coefficients (β1) could 
also be compared. Several additional sensitivity tests were also performed. 
The model was run with 2014 population density (at the census tract level) 
replacing historical population density. This insured that the model was not 
significantly affected by tornadoes which passed through dense population 
centers. Census tract population estimates for 2014 were acquired from the 
Centers for Disease Control and Prevention. Finally, the model was also run 
with casualty counts (fatalities + injuries) replacing fatality counts to see if 
the results could also be applied to casualty counts.

The results of the regression models with respect to the SVI and SoVI, 
with the addition of several sensitivity tests, are displayed in the following 
tables.

Table 1. SVI vs. Fatalities Regression Model Results

Variable Coefficient Std. Error Z-Score Significant 
(p<0.05)?

SVI 0.14081 0.06143 0.011 Yes

Fujita Rat-
ing

0.61778 0.05833 <0.001 Yes

Population 0.13788 0.07513 0.033 Yes
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The SVI exhibited a statistically significant positive correlation with fatality 
counts, while the SoVI did not. The SVI’s coefficient was also higher, meaning 
that a one-point increase in the SVI corresponded to more fatalities than a 
one-point increase in the SoVI. When 2014 tract-level population density 
was substituted for historical county-level population density, the results 
did not change. The SVI had a statistically significant positive correlation 
with fatality counts, while the SoVI did not. Neither index had a statistically 
significant correlation with casualty counts. Because only the SVI had a 
statistically significant correlation with tornado fatalities, it was chosen for 
use in the societal exposure and tornado vulnerability calculations.

Tornado Vulnerability Calculations

This study used the same three calculation methods as Dixon & Moore (2012) 
to incorporate both tornado incidence and societal exposure into an overall 

Table 2. SoVI vs. Fatalities Regression Model Results

Table 3. Sensitivity Tests

Variable Coefficient Std. Error Z-Score Significant 
(p<0.05)?

SoVI 0.08182 0.06122 0.091 No

Fujita 
Rating

0.60955 0.05958 <0.001 Yes

Population 0.11092 0.07582 0.071 No

Variable

Significant 
(p<0.05)?

Significant 
(p<0.05)?

Significant 
(p<0.05)?

Historical  
Population

2014  
Population Casualties

SVI Yes Yes No

SoVI No No No
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tornado vulnerability index. The CDC’s Social Vulnerability Index (SVI) was 
used as the input variable for societal exposure since it outperformed the 
SoVI in predicting tornado fatalities. For each county, the tornado count 
(weighted, see section 3.2 for calculation) within 50 miles will be used as the 
input variable for tornado incidence. Percentiles and Z-scores for tornado 
incidence and societal exposure were calculated for each county.

Method 1 was designed to most effectively convey the unique combina-
tion of societal exposure and tornado incidence that each county experiences. 
For Method 1, the two input variables (societal exposure, tornado incidence) 
were not combined but instead classified separately. Each variable was cate-
gorized for each county as low (Z-score less than -1.00), moderate (-1.00 < Z  
< +1.00), or high (Z > +1.00). Since Method 1 preserves the distinction 
between societal exposure and tornado incidence, it is a useful tool for assess-
ing the specific details of each county’s situation. While a county with high 
tornado incidence and low societal exposure might be classified similarly to 
a county with low tornado incidence and high societal exposure by Methods 
2 and 3, Method 1 preserves a distinction between the two counties.

Method 2 was designed to provide a balanced view of the combined 
effects of tornado incidence and societal exposure. For Method 2, the Z-scores 
of tornado incidence and societal exposure were added for each respective 
county. Method 2 is somewhat susceptible to statistical outliers and tends to 
emphasize counties with high societal exposure even if tornado incidence 
is low or nonexistent (Dixon & Moore, 2012). 

Method 3 was designed to highlight the counties with high scores in 
both tornado incidence and societal exposure and minimize the impact 
of statistical outliers. Method 3 scores were calculated by multiplying the 
percentile scores of tornado incidence and societal exposure, resulting in a 
value between 0 (lowest) and 1 (highest). For Method 3, most counties receive 
scores close to 0, while the few counties with high values in both variables 
score closer to 1. 

Results
Counties were classified according to their z-score of tornado vulnerability 
according to the following scheme: very low (z < -1.50), low (-1.50 < z < 
-0.50), moderate (-0.50 < z < +0.50), high (+0.50 < z < +1.50), and very high   
(z > +1.50). According to the calculations from Method 1 (see Figure 4), 
the highest tornado incidence is concentrated in north Alabama. Arkansas, 
Mississippi, and western and middle Tennessee were classified as experi-
encing moderate tornado incidence. East Tennessee and the Appalachian 
region enjoy the lowest tornado incidence. The highest values of societal 



114

exposure are concentrated within the Mississippi River Delta, but there 
are also high societal exposure values in a few scattered counties outside 
the Delta. Poinsett County, Arkansas and Franklin County, Alabama were 
the only counties classified as “high” in both variables. Knox, Blount, and 
Washington Counties, in Tennessee and Washington County, Virginia were 
classified as “low” in both variables.

Figure 4. Method 1 Tornado Vulnerability

Figure 5. Method 2 Tornado Vulnerability



115

According to Method 2 (see Figure 5), the most tornado-vulnerable 
areas are along the southern and western periphery of the study area. Specif-
ically, this area includes the Eastern Arkansas counties, the Mississippi Delta 
counties, and the counties in northern Mississippi and Alabama which 
comprise the southern edge of the study area. The Arkansas counties appear 
to be rated as vulnerable because of social factors, while the Mississippi and 
Alabama counties are rated as vulnerable because of their high tornado 
incidence. The county with the highest Method 2 vulnerability score is 
Marshall County, Alabama (+3.61). The least vulnerable area according 
to Method 2 is eastern Tennessee where tornadoes are comparatively rare. 
Societal exposure is also generally low in this area. The county with the 
lowest Method 2 vulnerability score is Williamson County, Tennessee (-3.47). 
Method 2 vulnerability scores for all counties in the study area are provided 
in Appendix A, Tables 4 and 5.

The southern and western periphery of the study area were also identi-
fied as the most tornado-vulnerable areas by Method 3 (Figure 6). However, 
Method 3 is designed to point out individual counties with high vulnerability 
in both variables rather than general areas. According to Method 3, the most 
vulnerable counties are Mississippi and Poinsett, AR; Dunklin, MO; Lake and 
Lauderdale, TN; Chickasaw, MS; and Franklin and Marshall, AL. Dunklin 
County, Missouri received the highest Method 3 vulnerability score (0.856). 
Williamson County, Tennessee and Russell County, Virginia tied for the 
lowest Method 3 vulnerability score (0.0).

Figure 6. Method 3 Tornado Vulnerability
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DISCUSSION

SVI Comparison Implications

According to regression analysis on the two social vulnerability indices, the 
SVI was a more effective predictor of tornado fatalities in Tennessee than 
the SoVI. However, this result would not necessarily be applicable to other 
regions of the United States. Socioeconomic patterns and tornado seasonality 
patterns vary across the United States, so it is possible that the SoVI might 
outperform the SVI in other regions of the country. Further investigation 
is needed on this topic.

Fatalities and casualties were the only dependent variables modeled 
in this study. While the SVI predicted fatalities more effectively than the 
SoVI, there was no significant difference between the indices in predicting 
casualties. Therefore, no assumptions should be made about the correlation 
of the SVI and SoVI with other disaster impact variables such as property 
damage. Finally, the findings of this study should not be applied to vulner-
ability studies for other types of natural disasters. It is feasible that the SoVI 
would predict fatality counts for other types of disasters better than the SVI.

Possible Further Research

As mentioned in the literature review, the study of tornado vulnerability as 
a function of both tornado incidence and societal exposure is an undevel-
oped field of research. Currently, social vulnerability to tornadoes has only 
been assessed in Oklahoma, Texas, and Tennessee. Tornado vulnerability 
assessments which include socioeconomic variables need to be performed for 
the rest of the nation especially in the Great Plains, Midwest, and Southeast 
where tornado incidence is highest. The three methods used in this study 
and in Dixon & Moore (2012) to combine tornado incidence and societal 
exposure also must be tested, compared, and validated. Additional methods 
could also be proposed and validated.

This study included a basic assessment of the effectiveness of two social 
vulnerability indices, the SVI and SoVI, in predicting tornado fatalities. 
More widespread assessments of these indices are needed. It also remains 
unclear which index better predicts casualties and property damage. Further 
development of place-based weighted indices of social vulnerability would 
prove useful in this field as well.

Conclusion
This study assessed tornado vulnerability as a function of tornado incidence 
and societal exposure over an area including all of Tennessee and a selection 



117

of counties from neighboring states. This area was designed to include all 
counties under the responsibility of the Memphis, Nashville, Huntsville, and 
Morristown offices of the National Weather Service.

The highest tornado incidence in the study area is concentrated in 
northern Alabama. Northern Mississippi, eastern Arkansas, and western 
Tennessee suffer moderate to high tornado incidence. Eastern Tennessee and 
southwestern Virginia have the lowest tornado incidence. Societal exposure 
is distributed more widely throughout the area, but notable regions included 
the Mississippi River Delta and isolated counties in Alabama, Mississippi, and 
Tennessee. The most tornado-vulnerable areas were identified to be northern 
Alabama, northern Mississippi, eastern Arkansas, and western Tennessee. 
The least vulnerable areas are eastern Tennessee and southwestern Virginia. 
Similar tornado vulnerability assessments are still needed across many areas 
of the United States.

Two social vulnerability indices, the SVI and SoVI, were compared 
for their effectiveness in predicting tornado fatalities within the study area. 
A negative binomial regression model was prepared with fatalities as the 
independent variable and population, social vulnerability, and tornado 
magnitude as the dependent variables. The SVI exhibited a statistically 
significant correlation with tornado fatalities while the SoVI did not. Further 
research on the appropriate use of social vulnerability indices in assessing 
tornado vulnerability is needed. 
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Abstract
We present a numerical study of self-assembled lipid membranes, that are 
cushioned by polymer brushes, using molecular dynamics simulations of a 
coarse-grained implicit solvent model.
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Introduction
Lipid bilayers are a crucial component of life. When a group of lipids is 
exposed to water, the hydrophobic groups turn toward each other while 
the hydrophilic groups turn toward the water. These bilayers make up the 
ever-important lipid membrane of cells. The lipid membrane acts as a barrier 
between the inner and outer parts of the cell, provides structural integrity 
for the cell, and supports numerous large transmembrane proteins needed 
for proper cellular function. Without lipid membranes, cells would spill out 
of their bounds and not even simple single celled organisms could survive.

Prior studies have employed a variety of techniques to study the 
function, structure, and dynamics of lipid bilayers. At the most basic level, 
substrate supported studies can be done (McCabe, 2013; Andersson, 2016; 
Deverall, 2005). In these experiments, the membrane is placed directly on 
a substrate with a water layer cushion that is a few nanometers thick. This 
limits the motion of the membrane in the direction perpendicular to the 
substrate and is an especially poor way to study transmembrane proteins 
because they are too large and often denature with excessive contact with 
the substrate due to their protrusion below the bilayer (McCabe, 2013). 
To overcome these obstacles, an additional layer of polymer can be added 
below the membrane to act as a cushion. This polymer supported model 
allows transmembrane proteins to sink into the polymer and as such, they 
are less likely to denature. One type of polymer support is a polymer brush, 
which is formed by chemically tethering polymer chains to a substrate and 
introducing a membrane on the free ends. In this computational study, we 
will simulate a polymer brush support because it mimics the cytoskeleton 
of the cell and as such, is a better model to study biological processes. We 
aim to study the mutual effects of the membrane and the polymer brush 
interactions and to increase the theoretical understanding of this model for 
use in future experiments.

Model And Computational Method
A coarse-grained implicit-solvent model was used (Revalee, 2008; Laraji, 
2016), in which a lipid molecule is coarse-grained into a semi-flexible chain 
composed of one head (h) bead and two tail (t) beads. The potential energy 
of the lipid bilayer has three contributions:
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where ri describes the coordinates of bead i, rij = |ri − rj|, and αi(= h or t) is 
the type of bead i. In Eq.(1), U0   is a soft two-body potential, between beads 
of types α and β and separated by a distance r, and is a piece-wise function 
given by (Laradji, 2016),

where Umax > 0 and Umin ≤ 0 for any pair (α, β ). Umin = 0 implies a fully 
repulsive interaction between beads α and β, and Umin < 0 implies a short-
range attraction between the two beads. The self-assembly of the lipids into 
thermodynamically stable bilayers is ensured by choosing Umin = Umin = 0 
and a sufficiently negative value of Umin (Laradji, 2016).

In Eq. (1), Ubond ensures connectivity between beads that belong to the 
same lipid chain and is given by

where kbond is the bond stiness coefficient and ab is the preferred bond length. 
Finally, Ubend in Eq. (1) is a three-body potential that provides bending 
stiness to the lipid chains and is given by

αβ

αβ αβ αβ

αβ

hh ht

tt

(1)

(2)

(3)

(4)

Ubond (r) =
kbond

2
(r − ab )2 ,

0

if   r≤rm

if   r<r≤rc

if   r>rc ,
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where kbend is the bending stiness coefficient and φ0 is the preferred splay 
angle of the lipid chain, taken to be 180°.

All beads are moved using a molecular dynamics scheme with a 
Langevin thermostat (Grest, 1986),

where mi is the mass of bead i and Γ is a bead’s friction coefficient. σΞi(t) 
is a random force with zero mean, and is uncorrelated for dierent particles, 
dierent times, and dierent components. Γ and σ are inter-related through 
the fluctuation-dissipation theorem leading to Γ = σ2 = 2kBT .

The simulations are performed in the NVT ensemble, where N is the 
total number of beads in the system. The model interaction parameters are 
given by,

ri(t) = vi(t)

mivi(t) = −∇iU ({ri}) − Γvi(t) + σΞi(t),

∙

∙

(5)

(6)

(7)

Uhh = Uht =100є,

Uhh = Uht =0,

Utt = 200є,

Utt = −6є,

Umm = xyz,

Umm = 0,

Umt = 0,

Umh = −E,

kbond = 100є/r 2 ,

kbend = 100є,

rc = 2rm,

ab = 0.7rm∙

Umh = 1210є/r 2 ,

max

min

max

min

max

min

min

min

max m

m

max

min
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In Eq. (7), E is the adhesion energy of a lipid head group per unit of area of 
the NP, and is henceforth used to define the adhesion strength.

All simulations are performed at kBT = 3.0є, with a time step Δt = 0.02τ, 
where τ = rm (m ∕ є)1 ∕2. Eqs. (5) and (6) are integrated using the velocity-Verlet 
algorithm.

The bending modulus of the bare bilayer, with the interaction param-
eters given by Eq. (7), as extracted from the spectrum of the LM height 
fluctuations, is κ ≈ 30kBT (Laradji, 2016), which is comparable to that of 
DPPC in the fluid phase (Nagle, 2015). The length scale, rm , is estimated from 
comparing the value of the thickness of the LM ~ 5rm , typical to phospholipid 
bilayer. We therefore estimate rm ≈ 1 nm. Hence, in the remainder of this 
article, all lengths are expressed in nanometers, and the adhesion strength, 
E, is expressed in kBT ∕ nm2 .

Results

As shown in Fig. 1, the average height of the membrane and polymer brush 
decreases with increasing E. Because of this compression, the density of the 
polymer layer is expected to increase. When a density profile is taken along 
the z-axis, the density of the polymer brush does indeed increase. However, 
this increase is largely localized near the membrane while the lower levels 
of the brush remain unchanged, as shown in Fig. 2. From this we conclude 
that a relatively highly dense layer of monomers forms directly under the 
bilayer. The increase in E favors an increase in the amount of contact between 
the lipid head groups and the monomers, which can only be achieved by 

Umin

2 4 6

Figure 1. Typical configurations of the membrane for increasing E. This 
system has a chain length N = 50, and a polymer brush grafting density 
σ = 0.1. Clearly, as E is increased, the average height of both the mem-
brane and the polymer brush decrease. Note that between E = 2 and E 
= 4, the membrane fluctuations increased. The opposite occurred for E 
values past 4. Individual polymer chains have been highlighted to show 
how a typical chain behaves in the brush.
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having the membrane move closer to the substrate.

Next, the bilayer’s structure can first be characterized by the width of its 
fluctuations, w  = h2 − ( h)2  where we define h as the height (z-coordinate) of 
a lipid head group in the top leaflet of the membrane. Fig. 3 and 4 demonstrate 
changes in the structure of the membrane caused by varying the grafting 
density or length of the polymer chains. There are three main features in Figs. 
3 and 4. Namely, for very low E, the membrane is not absorbed; followed by 
an abrupt decay in w at the absorption transition. For intermediate values 
of E, there is an increase in the width, w. It then reaches a peak and then 
decreases for even higher E. Because we expected a monotonic decrease 
in the fluctuations in the membrane, the intermediate increase of w vs. E is 
puzzling and needs further investigation. In contrast, the decrease of w vs. 
E for high E is expected. The non-monotonous behavior of w vs. E should be 
the result of some structural dierence of the top layer of the polymer brush 
(vicinal to the bilayer).

Figure 2. The density of the polymer brush is changed in the presence 
of a membrane. E = 0 corresponds to a polymer brush that does not 
interact attractively with a membrane. With attraction to the lipid heads 
in the membrane, the polymer brush density increases near the lipid 
heads. However, the density of the lower levels is relatively unchanged. 
Additionally, the shortening and widening of the peaks associated with 
the lipid head groups when E = 4 again imply the fluctuations of the 
membrane have increased as seen in Fig. 1. This data was collected from 
a system with N = 50 and σ = 0.25

√
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Figure 3. There is a systematic relationship between the width of w and 
the grafting density of the polymer brush, σ. For increasing σ, the mem-
brane becomes more rigid and the membrane absorbs earlier for more 
dense systems. Surprisingly, for low density systems, the bilayer has 
more fluctuations than a free membrane. The non-monotonic behavior 
becomes less pronounced as σ is increased. This data was collected with 
N = 50.

Figure 4. There is a systematic relationship between w and the number 
of monomers per polymer chain, N. For decreasing N, the membrane 
becomes more rigid and the membrane absorbs earlier for shorter 
systems.

Polymer Brush Length(N)=50
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The structure factor of a free membrane is given by,

where γ is the tension coefficient and κ is the bending modulus of the 
membrane. We can use this structure factor to further investigate how the 
membrane changes when absorbed onto a polymer brush. Transforming 
the structure factor to 1 ∕ q2S(q) vs. q2 allows us to see the contributions of 
each term in the denominator. Figure 5 shows that for small wavevectors, 
1 ∕ q2S(q) actually intercepts the y-axis at a finite value, which increases with 
increasing E. This is expected as the absorption of the bilayer on the polymer 
brush leads to an energy cost resulting from vertical translation of the bilayer.

S(q) = kBT
γq2 + κq4 + ∙ ∙ ∙ (8)

Figure 5. A plot of 1 / q2S(q) vs. q2 transformed from Eq.(8) Note 
that for an unbound membrane (E = 0.5) the plot converges to zero as 
expected in the case of a tensionless membrane. However, when the 
bilayer is adsorbed on the brush, 1 / q2S(q) increases rapidly as q → 0. 
This indicates that due to binding, the bilayer has a preferred position 
along the z-axis, leading to the emergence of a mass term in the effective 
Hamiltonian of the bilayer. Interestingly, for small q (long wavelengths), 
1 / q2S(q) has a non-monotonic behavior, namely it decreases with in-
creasing E, then increases. This behavior mirrors that of w shown above.



131

Figure 6. R⊥ monotonously decreases with increasing E. This is expect-
ed since the monomers which are within the adhesion sublayer below 
the bilayer only weakly contribute to R⊥, and the bilayer gets closer to 
the substrate as E increases (hence R⊥ decreases with increasing E). This 
is to say that the behavior of R⊥ is not surprising and not that interest-
ing (in the sense that it does not help in understanding the non-mono-
tonic behavior of w vs. E).

Figure 7. The radius of gyration acquired by summing the radius of 
gyration along both the x and y axes in quadrature. While the effect is 
small, there is a non-monotonic trend here that peaks around E = 2. 
This is due to the binding of the top monomers to the membrane.
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In order to understand the non-monotonic behavior of w vs. E, we 
observed the radius of gyration along the z−axis (R⊥) and the xy−plane 
(R∥) to provide more information about the structure of the polymer brush. 
As shown in Fig. 6, R⊥  was not useful in analyzing the non-monotonic 
behavior of interest. In contrast, Fig. 7 shows that R∥ has a more interesting 
non-monotonic behavior, though the change is very weak.

Next, we can look at the contact energy, Econtact that results from the 
interaction of monomers with lipid head groups. From Fig. 2, it is expected 
that  Econtact  will not depend on the length of the polymer chains, N. 

Figure 8 implies that the non-monotonic behavior of the fluctuations 
of the membrane is the result of different structural modes of the polymer 
brush. For low values of the interaction strength between the polymer 
monomers and the bilayer, the free energy of the system is dominated by 
the conformational entropy of the portion of the polymer in the vicinity of 
the bilayer rather than by interactions. The reverse occurs for high values of 
E. The polymers conformational entropy is higher for low grafting densities 
than large ones. Hence, the effect above is expected to be stronger for low 

Figure 8. A ln-ln plot of the contact energy between the monomers in 
the polymer chain and the lipid head groups on the underside of the 
membrane. N = 25 and N = 50 chain lengths were used. The contact en-
ergy plots lay over top one another, showing that the lower levels of the 
polymer brush do not participate in the interaction with the membrane. 
Econtact steadily increases with E. However, this increase becomes more 
pronounced for E larger than 3.75. This corresponds closely to the peak 
seen in Figs. 3 and 4.
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values of σ. The non-monotonic behavior of w is indeed more pronounced 
for low values of σ, as shown in Fig  3.

Conclusions
Overall findings show clear mutual interactions between the lipid membrane 
and polymer brush. These effects vary with adhesion strength.

For intermediate adhesion strength (E < 4), membrane fluctuations 
increase with adhesion strength. This trend is dominated by the polymer’s 
conformational entropy. This effect is increased with increasing polymer 
length or decreasing grafting density.

For large adhesion strength (E < 4), the membrane fluctuations decrease 
with increasing adhesion strength. In this region the trend is dominated by 
the adhesion interaction between the membrane and the polymers.

The fluctuations of the membrane are reduced by either increasing the 
grafting density or decreasing the length of the polymer brush.

The greatest change in the polymer brush occurs near the membrane. 
The polymer brush becomes denser directly beneath the membrane as more 
monomers bind to it. This is evident in the peak occurring in the density 
profile near the membrane, the small change in the parallel radius of gyration, 
and the contact energy’s independence of brush length. When supported 
by a polymer brush, the properties of lipid membranes change observably

Because of the clear changes in both the properties of the polymer 
brush and the lipid membrane, a slightly different model may be presented 
in the future to help preserve the properties of the lipid membrane in the 
presence of the brush. All the data here is presented with the assumption that 
the membrane was tensionless before its adhesion on the membrane. If this 
assumption is found to be false, the new model will need to change, so the 
membrane is tensionless in the beginning.

The theoretical understanding acquired from this study is meant to 
be a launching pad for future experimental work. Using the computational 
model described here, researchers can learn how their membranes will 
change if they use a polymer brush support without spending money and 
time producing the actual polymer brush. If the theoretical results match the 
desired conditions, an experiment can be conducted with more confidence.

≈

≈
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