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In this paper, econophysics and econometric approaches were employed to investigate statistical and
dynamic properties of membrane performance, respectively, using filtration data provided by Woongjin
Chemical Co., Ltd., Korea. For the econophysics approach, the filtration index tree was built to comprehen-
sively visualize the closeness between filtration variables, analogous to the hierarchical index tree for the
dynamics of stock prices. The logarithmic changes of the filtration variables follow the normal distribu-
tion, which implies that the filtration variables themselves are governed by the log-normal distribution
conophysics
conometrics
ime series
embrane filtration

lux decline
robability distribution

due to periodic cleaning and/or seasonal variations. In the econometrics approach, the autoregressive
model verified the periodicity of the pressure profile due to cleaning events and natural environmental
changes. As developed in this study, the semi-loglinear and autocorrelation models captured pressure
growth rates of 1.4% and 0.3 kg/cm2 per week, respectively. Combined and complementary roles of econo-
physics and econometrics provided new methodological insights to statistically analyze and further
forecast membrane filtration performance in terms of the pressure growth rate in the constant flux

operation.

. Introduction

In the membrane filtration industry, performance forecasting
s an important modeling issue, often subject to an empirical
nalysis of periodically recorded data. Although this approach
llows prompt decisions to alleviate flux decline and maintain
roduct quantity for short-term periods, great importance is also
iven to forecast long-term trends of filtration performance in
rder to schedule maintenance [1]. Estimation of membrane life
s a crucial factor to design, build, and maintain filtration facil-
ties. Depending on the chemical and biological composition of
eed water, operational conditions are continually adjusted to

chieve production demand for water with desired quality; and
utonomous operation can stabilize filtration performance by
inimizing chemical and mechanical stresses on membranes.

ophisticated inter-dependencies between filtration variables dur-
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ing operation however preclude capturing the gradual change of
filtration performance.

In recent years, several artificial neural network (ANN) meth-
ods were developed and applied for phenomenological analyses
of measured filtration data without requiring specific transport
mechanisms [2–5]. For instance, Hamed et al. [4] studied the depen-
dency between biochemical oxygen demand and suspended solid
concentrations through various stages of the treatment process
and developed two ANN-based models for predicting the efflu-
ent concentrations. Chen and Kim [5] investigated the capability
of a radial basis function neural network to predict permeate flux
decline in crossflow membrane filtration. However, methodologies
developed in this research area are currently limited to short-term
predictions of small or lab scale experiments.

To study long-term (monthly and seasonal) changes of mem-
brane performance, this study carefully selected and applied
methodologies developed in econophysics and econometrics, ana-
lyzed periodically recorded data, and forecasted the performance

rate of pressure-driven membrane filtration processes. We used 3.5
years of operating data from Woongjin Chemical Co., Ltd., South
Korea, including product water flux, operating pressure, feed con-
centration, and temperature. A brief review of econophysics and
econometrics and their methodologies used in this study follows.

dx.doi.org/10.1016/j.memsci.2010.09.009
http://www.sciencedirect.com/science/journal/03767388
http://www.elsevier.com/locate/memsci
mailto:albertsk@hawaii.edu
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. Background

More than a century ago, Italian sociologist and economist Vil-
redo Pareto investigated the statistical character of the wealth of
ndividuals in a stable economy and provided the (cumulative) dis-
ribution, y ∼ x−�, where y is the number of people having income

ore than x and � is an exponent estimated to be 1.5 [6]. Interest-
ngly, Pareto-type power-law distributions were later used in two
elds of natural sciences: probability theory [7,8] and phase tran-
itions [9]. In addition to that, stochastic fluctuations – typically
escribed as the random walk stemming from the Brownian motion
10] – are widely used in various disciplines. Bachelier, a French

athematician, was the first researcher who mathematically for-
alized the random walk, dealing with the pricing of options in

peculative markets [11]. Einstein’s famous theoretical work on
rownian motion [12] is regarded as the first theoretical descrip-
ion of random walk only in the natural sciences. Later, Wiener
stablished a more rigorous mathematical description of the ran-
om walk that is now often called the Wiener process [13,14].

n option-pricing theory, Black and Scholes developed the mile-
tone model using the theory of the random walk, of which step
ize varies according to a Gaussian probability distribution [15].
herefore, two of the most widely used mathematical approaches
n the natural and engineering sciences, i.e., probability distribution
nd random walk theories, have close relationships to economics
nd mathematics. Combining social and natural sciences using
athematics, Stanley and co-workers established econophysics

16–20]. In his pioneering work, Stanley characterized phenomeno-
ogical dependences of growth on company size using data from
975 to 1991 for all publicly traded US manufacturing compa-
ies [16]. In general, econophysics employs mathematical tools
eveloped in theoretical statistical physics. Using fundamentals of
tatistical mechanics, researchers investigated statistical proper-
ies of sophisticated changes in economic systems and described
he phenomenological rules in financial phenomena such as the
tochastic process of financial asset price changes [21–24], income
istribution of firms [16,25], and the time correlation of financial
uctuations [26]. To solve econometric problems, the maximum
ntropy method [28,27] and Bayes’ rule [29,30] were recently
ombined into the method of maximum relative entropy [31,32],
hich has advantages of assigning as well as updating probabilities
hen new information is provided in the form of posterior con-

traints. Bayesian perspective on how the probability distribution
inks between statistical physics and other sciences can be found
lsewhere [31,32].

Econometrics has a longer history than econophysics. The term
econometrics” was credited to Ragnar Frisch, who developed and
pplied dynamic models to the analysis of economic processes [33]
nd received the first Nobel Prize in Economic Sciences in 1969
ith co-recipient Jan Tinbergen. After Frisch and Tinbergen, the
obel Prizes in Economic Sciences was awarded four more times

o econometrics researchers. Econometrics is a statement of eco-
omic theory in mathematical form used to develop statistically
estable hypotheses including methods for identification and esti-

ation of simultaneous economic variables. The basic statistical
ethod used by econometricians includes regression analysis using

ata sets with inter-dependent variables [30]. Although parame-
er estimation of regression models using cross-sectional data (i.e.,
ata collected by observing many variables at the same time) is
ften viewed as a primary goal of econometrics, of equal impor-
ance is the production of good methods of economic forecasting,

hich can be classified into two broad categories as follows: first,

asual forecasting models that can forecast a dependent variable if
he associated values of the independent variables are given after
arameter estimation of models; and second, time series mod-
ls that can provide some guidelines as to what to expect in the
Science 365 (2010) 170–179 171

future using data history. Generally, econometrics is a unification
of statistics, economic theory, and mathematics to understand the
quantitative relations in modern economic life. Therefore, these
methods can be widely used in various disciplines including engi-
neering sciences.

3. Econophysics approach

In this section, we explain how to develop correlations and tax-
onomy of stock-price of companies, and apply the same method to
membrane filtration processes by replacing the stock prices with
filtration data.

3.1. Correlations and taxonomy of stock prices

Microscopic transport equations, which describe interactions
among various economic entities, are barely known or only
partially understood. Methodologies and concepts developed
in statistical physics were employed to understand complex
financial phenomena [34] such as stochastic dynamics, random
fluctuations, short- and long-range correlations, self-similarity,
length/time scaling, and renormalization. To understand simulta-
neous dynamics of stock pairs, econophysics measures similarities
and dissimilarities along with synchronous variations of stock
pairs without postulating specific mechanisms. A simple method
to quantify correlations between two stocks evolving in a syn-
chronous fashion is as follows.

If a time series of the daily closure price of stock i, i.e., Pi(t), is
available, its logarithmic change Si(t) can be calculated as

Si(t) = ln
Pi(t + �t)

Pi(t)
≈ �Pi(t)

Pi(t)
= R(t) (1)

where the time interval �t is a day, �Pi(t) is the stock price differ-
ence between two consecutive days, and R(t) is defined as return or
rate of growth. It should be noted that the logarithmic functional
form of Eq. (1) stems from the fundamental concept of statisti-
cal mechanics, entropy [35,36], more specifically relative entropy
[28,27,37] which measures the (abstract) distance between two
probability distributions, Pi(t) and Pi(t + �t). According to logarith-
mic properties, Si(t) reflects the daily percent-change (rate) of stock
price i at time t, and it is equivalent to the return R(t) if the daily vari-
ation �Pi(t) is small. Now, the correlation coefficient �ij between
Si and Sj is derived as

�ij = 〈SiSj〉 − 〈Si〉〈Sj〉√
〈S2

i
− 〈Si〉2〉〈S2

j
− 〈Sj〉2〉

(2)

where the angular brackets indicate the average over a period of
time. The range of the correlation coefficient varies from −1 (com-
pletely anti-correlated) to +1 (completely correlated), and �ij = 0
indicates the independence between two stock dynamics [38].

By building the correlation coefficient matrix based on graph
theory [39], one can measure the similarity between two stock
portfolios by calculating their relative distances and form groups of
closely correlated entities [40]. Let us define a new dimensionless
variable

S̃i = Si − 〈Si〉√
〈S2

i
〉 − 〈Si〉2

(3)

where S̃i is a normalized Si, i.e., the difference between the loga-

rithmic change of a daily stock price i and its mean, divided by its
standard deviation. The Euclidean distance dij between S̃i and S̃j can
be obtained from the Pythagorean relation:

d2
ij = ||S̃i − S̃j||2 (4)
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Fig. 1. Daily closure stock prices (US$) of the six select

hen, one can alternatively define the correlation coefficient as

ij = 〈S̃iS̃j〉 = 1
n

n∑
k=1

S̃ikS̃jk (5)

nd represent the Euclidean distance as

ij =

√√√√1
n

n∑
k=1

(S̃ik − S̃jk)
2 =

√
2 − 2〈S̃iS̃j〉 =

√
2(1 − �ij) (6)

here S̃ik represents S̃i (of company i) at time (day) k in a period
f n days, having a property of 〈S̃2

ik
〉 = 〈S̃2

jk
〉 = 1. The Euclidian dis-

ance in Eq. (6) has the following properties [38]: (i) dij = 0 if i = j, (ii)
ij = dji, and (iii) dij ≤ dik + dkj. If the property (iii) can be replaced by a
tricter criterion, dij ≤ max

{
dik, dkj

}
, the Euclidean distance obeys

he ultrametric inequality in a ultrametric space [41]. The ultra-

etric space provides a convenient reference frame to understand
hierarchically structured complex system endowed with ultra-
etric distances [42]. Among all the possible ultrametric spaces, we

hose the subdominant ultrametric space, which is associated with
he Euclidean distance metric dij using Kruskals algorithm [39,43].

Fig. 2. Logarithmic changes of daily closure stock prices (US$) of the six
nsors, from 2006 to 2008, for 2009 NAMS conference.

Now we illustrate how to apply the above-mentioned econo-
physics approach to build the correlation matrix and hierarchical
index tree (HIT) of stock prices among six publicly traded com-
panies. Although an unlimited number of arbitrarily selected
companies in various industries can be considered for the
econophysics analysis [16], we selected the following six com-
panies who were financial sponsors of the North American
Membrane Society (NAMS) 2009 Annual conference (held in
Charleston, SC, USA) where the current work was partially pre-
sented: Air Products (Detroit, USA), Chevron (San Ramon, USA),
Pall (Port Washington, USA), Genentech (South San Francisco,
USA), Dow chemical (Midland, USA), and Millipore (Billerica,
USA). We chose these companies because our primary goal is
to analyze and forecast membrane filtration performance, and
sales products of the six engineering companies are related
to membrane filtration processes to a certain degree. Varia-
tions of their stock prices were influenced by several major
factors, of which in-depth investigations are truly in fields of

industrial economics and business management. Other NAMS
2009 sponsors such as foreign companies and US federal agen-
cies were excluded in this study because of unavailability of
comparable stock data to those of the six above-mentioned com-
panies.

selected sponsors, from 2006 to 2008, for 2009 NAMS conference.
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Table 1
Density correlation matrix (�ij) of the six selected NAMS sponsors: DC (Dow Chem-
ical), AP (Air Product), CV (Chevron), GT (Genetech), MP (Millipore), and PL (Pall).

�ij DC AP CV GT MP PL

DC 1.000 0.646 0.656 0.305 0.508 0.600
AP 1.000 0.715 0.360 0.600 0.689
CV 1.000 0.362 0.539 0.637
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     Air     Dow

0.754

0.789

0.829

0.894

1.119
GT 1.000 0.374 0.330
MP 1.000 0.579
PL 1.000

Their stock prices data (US$) were obtained from the database
f Mergent Online (http://www.mergent.com/, Mergent Inc., New
ork, USA), a leading provider of business and financial data on
lobal publicly listed companies. We did not include foreign spon-
ors, because their stock information was not available from the
ame data source.

The three-year (from 2006 to 2008) daily close stock prices
or these companies are shown in Fig. 1. Consistent increase was
bserved in stock prices of Air Products, Chevron, and Pall in 2006
nd 2007 with (rapid) declines in the middle of 2008. Dow Chem-
cal and Millipore have relatively plateau-shape profiles, gradually
ecreasing in 2006–2007 before drops in 2008. Genentech shows a
nique trend that gradually decreases from 2006 to 2007, followed
y a sharp peak in mid-2008. Fig. 2 shows similarities of logarith-
ic stock-price changes for two groups: Air Products/Chevron/Pall

nd Dow Chemical/Millipore. As expected, Genentech’s logarith-
ic profile is dissimilar to those of the other companies. The profiles

hown in Fig. 2 resemble 1D random walks [44], and statistical anal-
sis should provide better understanding than visual comparisons.

These dynamic trends can be quantified with correlation coef-
cients used to calculate the Euclidean distances. By running
tatistical software E-views (Quantitative Micro Software, LLC,
A, USA), we obtained the correlation coefficient matrix �ij for
he six companies listed above, and the results are shown in
able 1. It should be noted that all the correlation coefficients are
ositive numbers. A negative correlation coefficient implies anti-
orrelation, i.e., the opposite trend that one increases and its pair
ecreases. The synchronous patterns of all six companies have a
ertain degree of similarity. Using the data in Table 1, we computed
he Euclidean distances dij as shown in Table 2. For positive corre-
ation coefficients, standard values of the Euclidean distance are as
ollows: d = 1.414 for � = 0.0, d = 1 for � = 0.5, and d = 0 for � = 1.0.
pecifically, a Euclidean distance greater than 1.0 indicates a cor-
elation coefficient below 0.5, which is the case for Genetech when
orrelated with the other five companies.

From the Euclidean distance matrix in Table 2, we obtained the
IT, shown in Fig. 3, using the following method. First, we found a

tock pair of the shortest distance, which is 0.754 between Chevron
nd Air Products and connected them as the closest group. The

econd-shortest distance is between Air Products and Pall at 0.789,
hich is quite close to that of Chevron and Air Products. So, we

onnected Pall to the group that Air Products is associated with.
e continued to find the shortest distances until all of the six

able 2
uclidean distances (dij) of the six selected NAMS sponsors, calculated using the
orrelation density values of Table 1: DC (Dow Chemical), AP (Air Product), CV
Chevron), GT (Genetech), MP (Millipore), and PL (Pall).

dij DC AP CV GT MP PL

DC 0.000 0.842 0.829 1.179 0.992 0.894
AP 0.000 0.754 1.132 0.895 0.789
CV 0.000 1.130 0.960 0.852
GT 0.000 1.119 1.157
MP 0.000 0.918
PL 0.000
Chevron
Products

Pall
Chemical

Millipore  Genentech

Fig. 3. The hierarchical index tree (HIT) of the six selected NAMS sponsors.

companies were grouped. As the HIT in Fig. 3 indicates that the
strongest correlation is between Chevron and Air Products, their
daily closure stock price curves shown in Fig. 1 closely resemble
each other. Overall, Chevron, Air Products, Pall, and Dow Chem-
ical are closely related as an interacting group within Euclidean
distances of 0.790 ± 0.038. All four companies are involved in the
chemical engineering industry. Similar material supplies and mar-
ket demands probably contribute to the similarity of their stock
price dynamics. However, Genentech focuses on the biotech busi-
ness so this industrial dissimilarity could contribute to Genentech’s
larger distances from other companies.

In this section, we defined the dimensionless logarithmic change
of a stock price and calculated the correlation density and Euclidean
distances using standard techniques suggested by econophysics.
Results shown here are based on publicly known stock information
of the six selected sponsors of 2009 NAMS conference. Primary rea-
sons for the stock price variation of each company over a short time
need to be sophisticatedly investigated using social, political, and
perhaps cultural reasons in addition to national and global demands
of filtration-based water production. However, we focused on how
econophysics analyzes dynamic stock trends without deeply look-
ing into micro-scale economic changes because scrutinization of
independent governing factors and their economic significances
is out of the scope of this study. Now, we take the exactly same
strategy to investigate correlations and taxonomy among filtration
variables which were recorded daily in an actual membrane facility
operated by Woongjin Chemical.

3.2. Filtration variables

3.2.1. Correlations and taxonomy
In this section, we use the above-mentioned method to build

a HIT of filtration variables, designated as a filtration index tree
(FIT). Data obtained from Woongjin Chemical include permeate
flow rate, operating pressure, feed conductivity, and feed temper-
ature recorded from November 16, 2000 to May 22, 2004, at a
membrane facility located in the city of Ulsan, South Korea. In order
to use the original data directly, we equated feed conductivity and
product flow rate with concentration and permeate flux, respec-
tively. These direct conversions are permissible because the actual
feed concentration monotonically increases with conductivity, and
the total surface area of a number of membrane modules is fixed
during operations. More important, dimensionless quantities are
used in econophysics approaches, and the fundamental transport
mechanisms do not depend on variable units.

Fig. 4 shows synchronous variation of the four operational quan-

tities. Concentration profile indicates semi-periodical variations,
and temperature seems to follow a seasonal concentration change.
The temperature control prevented the feed temperature from
decreasing to less than 15 ◦C. The initial plateau of the tempera-
ture profile may be ascribed to ill-functioning temperature sensors

http://www.mergent.com/
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Korea).

Table 3
Euclidean distances (dij) of the operational variables from Woongjin Chemical Co,
Ltd. (Seoul, Korea): concentration, flux, pressure, and temperature.

dij Concentration Flux Pressure Temperature

Concentration 0.00 1.118 1.623 0.848

o
e
p
t

a
a
f
t
o
e
t
t
s
fl
t
o

o

C

F
p

Flux 0.00 1.275 1.126
Pressure 0.00 1.738
Temperature 0.00

r improper management of data. The permeate flux was stable
xcept a few extreme events, especially during the initial filtration
eriod. Long-term variation of applied pressure is observed, but the
rend does not seem to follow the other variables.

For econophysics analysis, we treated each filtration variable
s a stock price, used the same methods discussed in Section 3.1,
nd calculated the Euclidean distances shown in Table 3. The FIT
or the four filtration variables is built and shown in Fig. 5. The
emperature and the feed concentration have the closest distance
f 0.848 as indicated in Table 3 and therefore form the first (clos-
st) group in Fig. 5. The second closest distance, 1.118, is between
he concentration and flux, which is very close to that between
he temperature and flux, 1.126. Using either distance gives the
ame tree structure among the temperature, concentration, and
ux because, in both cases, the flux is connected to the primary

emperature–concentration group. Finally, the flux has a distance
f 1.275 to the pressure.

The physical meanings are as follows. The closest distance
f concentration to temperature stems from the seasonal varia-

oncentration Temperature Flux Pressure

0.848

1.118

1.275

ig. 5. The FIT of permeate flux, operating pressure, feed concentration, and tem-
erature, obtained from Woongjin Chemical Co. Ltd. (Seoul, Korea).
120010008006004002000

ure, feed concentrations, and temperature from Woongjin Chemical Co., Ltd. (Seoul,

tion of feed water quality. The four seasons in South Korea may
contribute to the similarity between transient variations of the
concentration and temperature of feed water. Darcy’s law can
contribute to explaining the permeate flux J as influenced by
temperature–concentration group:

J = �P − �� (C)
� (T) Rm

(7)

where �P is the pressure, �� (C) the osmotic pressure difference
as function of the feed concentration C (measured as feed conduc-
tivity), � (T) the feed water viscosity varying with temperature T,
and Rm the membrane resistance. Because the osmotic pressure
is a monotonically increasing function of concentration C, when
the feed concentration increases flux decline occurs. In addition,
the kinematic viscosity of pure water increased 28% from 25 ◦C
to 15 ◦C, which indicates that the seasonal variation remarkably
influences the long-term variation of the permeate flux. Fig. 5 there-
fore captures the important physical characteristics to express that
the feed concentration and temperature influence the permeate
flux through the osmotic pressure and kinematic viscosity, respec-
tively. Now it is worth noting that pressure is least correlated to
the other quantities. This is because the filtration system was oper-
ated in the constant flux mode. During the period that the feed
concentration and temperature were fluctuating on a daily basis,
the trans-membrane pressure was autonomously set to keep the
permeate flux as a pseudo-constant. The constant flux operation
mode made the pressure passively evolve in response to changes
of C and T through J. In general, when a number of variables are
monitored during large-scale membrane filtration processes, the
FIT analysis can group several key variables that influence filtra-
tion performance in terms of flux or pressure. This classification
may help identify critical components causing serious concentra-
tion polarization followed by membrane fouling phenomena.

3.2.2. Probability density function
The FIT in the previous section provided information about

dynamic similarities between filtration variables, basically mea-
sured as correlation coefficients. As indicated, the logarithmic

change of the filtration variables is equivalent to the percent-rate of
the individual variable. Now it is interesting to see how frequently a
certain percent change happens during the entire filtration period.
In the financial market, the probability density function (PDF) has
been widely used when stochastic processes of price changes are
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nvestigated using econophysics [8,45–47]. In the same line, we
uilt the logarithmic change-probability distribution function (LC-
DF) of the above-mentioned operating variables and investigated
he statistical properties of the dynamically changing filtration per-
ormance.

Fig. 6 shows LC-PDFs of the four filtration variables. The con-
entration logarithmic change has the largest standard deviation
f 0.031 while others have deviations around 0.01. The wider dis-
ribution of the concentration logarithmic change stems from the
easonal and yearly variations with sudden large increases and
ecreases as shown in Fig. 4. Although the temperature is closely
elated to the concentration as shown in the FIT of Fig. 5, artifi-
ial temperature control maintains the temperature in the range of
5–25 ◦C and therefore provides the smallest standard deviation of
he logarithmic change. It is interesting to compare the LC-PDF of
and �P in Fig. 6, which have slightly opposite trends: LC-PDF of J
s slightly left-weighted and that of �P right-weighted. Because of
oncentration polarization followed by membrane fouling during
ormal operation, the permeate flux gradually declined due to the

nfluences of daily fluctuating concentration and temperature. To
ring the flux back to a constant pre-set value, the pressure needed
o be increased, roughly the same frequency of flux change. After
ach cleaning event, the permeate flux suddenly rose with the less
ydraulic resistance in comparison to that before the cleaning. The
onstant flux operation led to pressure reduction to mitigate sud-
en flux increases, primarily to maintain a flow rate of 160 m3/h
s indicated in Fig. 4. Because the cleaning is intermittent, occur-
ing every one to two months, the frequency of the flux decline
i.e., pressure increase) is higher than that of the flux rise (i.e., pres-
ure decrease) over the total operational duration. This explains the
C-PDF shapes of J and �P in Fig. 6.

With acceptable tolerance, all PDFs show narrow, symmetric
hapes. This feature tells us that a filtration variable has simi-
ar probability to increase or decrease with a percentage at given

ime t. Therefore, the daily percent-change rates of C, T, J, and �P
an be treated as (quasi-) random walk processes, i.e., Markov
hains: today’s filtration performance is primarily affected by
esterday’s filtration status with negligible influences from the

able 4
oefficients of the autoregression model, AR(200), of Eq. (8).

P0 ˛1 ˛7 ˛36 ˛37 ˛49 ˛54 ˛55 ˛6

0.3028 +0.8776 +0.0835 −0.1405 +0.1584 0.1245 0.1263 −0.1889 −0
-PDFs) for concentration, temperature, flux and pressure.

operational history. This random walk is approximately analogous
to the molecular random walk in the phase space [48,49] espe-
cially when returns of Eq. (1) are small, because the daily change
of a filtration variable can be treated as its velocity. The original
filtration variables (C, T, J, and �P) are guided by mutual infl-
uences of underlying microscopic transport mechanisms. In other
words, the normal (Gaussian) shape of the four LC-PDFs indicate
C, T, J, and �P (not their log-changes) follow the log-normal dis-
tribution of a right-skewed tail. Intermittent occurrences of large
C, T, J, and �P imply that their sudden increases and decreases
may be due to (natural) seasonal variations of C and T and semi-
periodic cleaning events in terms of J and �P.

In addition, we ran the augmented Dickey-Fuller (ADF) test on
the operational data series. The underlying criteria of an ADF test
is that if the series is integrated, then the lagged level of the series
Xi(t − 1) provides no relevant information in predicting the change
in Xi(t) besides the one obtained in the lagged changes �Xi (t − k)
for k = 2, . . ., p where p is the number of augmenting lags [30]. Here,
Xi indicates the time series data of the concentration, temperature,
flux, and pressure (not the logarithmic changes). Once a value of
the ADF test statistic, denoted as �, was computed, we compared it
to the relevant critical value from the standard Dickey-Fuller test.
The �-values of the four filtration variables were calculated as fol-
lows: concentration (−2.79), temperature (−5.65), flux (−5.80), and
pressure (−5.05). Except for the concentration time series, all the
�-values are less than the critical value, −3.41 at 95% confidence
level. This indicates that the time series data are stationary (except
concentration), implying that we have sufficient evidence here to
draw a conclusion on its stationarity. As indicated, the � value of
concentration is close to but larger than the critical value. However,
the daily logarithmic change of concentration is considered station-
ary on the basis of its �-value of −41.70, from which we can build
a model to connect operational variables. The � values of the loga-
rithmic change of temperature, flux and pressure are −53.0, −30.4

and −37.6, respectively, and the critical value for the Augmented
Dickey-Fuller unit root tests is −2.86 at 95% confidence level. This
verifies without losing generality that logarithmic changes of all
four filtration variables can be treated as Markov Chains.

6 ˛81 ˛91 ˛126 ˛162 ˛180 ˛181 ˛196

.1148 0.0962 −0.0939 −0.1134 0.0904 0.1290 −0.0975 −0.0920
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ig. 7. The comparison of simulated pressure with actual data based on the model d
he result from fitting. Parameters used in Eq. 9 are ˇP = − 5.304, ˇJ = 1.470, ˇC = 9.
2 = 0.6190.

. Econometric approach

The econophysics approach used in the previous section treated
ach value set of C, T, J and �P (and their logarithmic changes) as
ndependent statistical events at time t. In this section, we use the
conometric approach to analyze asymptotic dynamics of filtration
ariables in the operational history. The autoregressive and auto-
orrelation models are employed to analyze filtration time series
nd forecast the future performance in terms of pressure growth
ate.

.1. Periodicity of pressure profile

As filtration variables, including the pressure, follow a (quasi-)
ognormal distribution, it would be worth investigating the period-
city of the pressure time series. As discussed in Fig. 5, the pressure
assively responds to natural variations of C and T to maintain the
ermeate flux as a quasi-constant. Therefore, the pressure can be a
easure of membrane fouling and an indicator for the next mem-

rane cleaning. To study effects of the pressure of past p days on
he current pressure, we used the autoregressive model, AR(p):

P(t) = P0 +
p∑

i=1

˛i�P(t − i) + et (8)

here P0 is the constant swift term, ˛i is the coefficient of time-lag
, and et is the white noise. The order p is set to 200 days (arbitrarily
hosen) to observe long-term influences, and all 201 coefficients
including P0 and ˛1 − ˛200) are calculated using software E-views.
able 4 shows selected coefficients of important values, and all
ther ˛i’s (not shown) are of much less magnitude than those of
able 4. The constant swift P0( = 0.3028 kg/cm2) is negligible in
omparison to the average pressure value over the entire three
nd a half years, as calculated, 〈�P 〉 = 7.460 kg/cm2. The immediate
esponse ˛1( = 0.8776), close to 1.0, indicates the significant influ-
nce of the pressure from the day before on the current pressure. A
eekly variation, described as ˛7( = 0.0835), is observed to be much

ess significant than the immediate influence, ˛1, but comparable
o coefficients of longer time-lags shown in Table 4. Approximate
eriodic correlations are indicated by the coefficient indexes for

he past one month (36 and 37), followed by two (49, 54, 55, and
6), three (81 and 91), four (126), five (162) and six (180, 181, and
96) months. This emphasizes monthly correlations due to cleaning
vents and natural seasonal variations in C and T, although indexes
f coefficient ˛i only roughly match multiples of 30 days. One-
ed by Eq. (9). The circles denote the actual operational data and the line represents
10−2, � = 3.206 × 10−2/ ◦C, and ω = 2.031 × 10−3/day, which are all significant with

month correlation occurs about 5 weeks (i.e., days 36 and 37), and a
two-month correlation is spread from days 49 to 66 (56 ± 7 days on
the average). This implies that the cleaning was probably irregularly
performed due to the natural fluctuation of input conditions. (See
the next section for details about membrane cleaning.) Seasonal
correlation is clearly shown by coefficient indexes, 81 and 91 for
three months, and 181 and 196 for six months, having slightly less
significance than those of other monthly correlations. Offsets of one
or two weeks were observed in four- and five-month correlations
of days 126 and 162, respectively, and interestingly the coefficient
of the five-month correlation ˛162 has the least magnitude among
all the monthly correlations.

4.2. Models for membrane performance evolution

4.2.1. Semi log-linear model
To mimic basic filtration behavior, we begin with the funda-

mental transport Eq. of (7), Darcy’s law, and suggest the following
semi-loglinear regression:

ln (�P) = ˇP + ˇJ ln (J) + ˇC ln (C) − �T + ωt + 
 (9)

where ˇP, ˇJ, ˇC, � and ω are coefficients to be calculated (see
Fig. 7), 
 is the disturbance, and t is the elapsed time. Observations
about C, T and J are not assumed to convey any information about
the expected value of the disturbance, defined as the difference
between the model prediction and real observation. Membrane
cleanings were performed intermittently when the permeate flux
fell below a desired value and so the pressure rapidly and consis-
tently increased. Specific dates of membrane cleaning events with
detailed guidelines were not provided. The time series data of J and
�P show sudden large increases and decreases, which seem to be
repeated about every one or two months. We looked at the �P time
series data and reset time t to zero when a sudden drop in �P is
seen, regarding each as a cleaning event. In this way, the average
pressure increase between two consecutive cleaning events can be
estimated. The gradual increase of this rate over a longer duration
may explain membrane aging but requires much advanced statisti-
cal analysis. Eq. (9) represents the pressure (a dependent variable)
using the independent variables of J, C, T and t. Although Darcy’s law
uses net pressure as the difference between the applied pressure

and the (feed) osmotic pressure, we assumed separate influences
of J and C in Eq. (9) because of the low feed conductivity. There
are several versions of empirical equations to correlate the con-
ductivity to concentration: in most cases, one �S/cm is roughly
equivalent to 0.5 ppm or below. Since the water viscosity expo-
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ig. 8. The fitting process and prediction result of operational pressure under the firs
he verification fitting result using Eqs. (10) and (11); the dotted line the prediction
′
C

= 5.63 × 10−4 [kg/cm2]/[�S/cm], � ′ = 1.380 × 10−1/ ◦C, ω′ = 4.273 × 10−2/day and
55 and 600, and the later prediction used the known information for independent

entially changes with temperature, the right hand side of Eq. (9)
as the linear term of the temperature. In addition, the exponential

ncrease of the pressure with respect to time is assumed to repre-
ent the average percent-change rate of the pressure between two
onsecutive cleaning operations.

Fig. 7 compares the semi-loglinear fitting and actual obser-
ational data. The semi-loglinear model of Eq. (9) captures the
rend of the pressure profile, although the insensitiveness of the
ogarithmic function lead to deviation of the model from the
bservation: R2 = 0.619. The value of ˇJ is at least one order of mag-
itude larger than ˇC, which verifies that the pressure is much
ore influenced by the permeate flux than the feed concentration.

his is because the low feed conductivity does not generate sig-
ificant osmotic pressure. The positive value of � indicates that
he temperature and the pressure are anti-correlated. In other
ords, an increase in temperature leads to viscosity decline so

hat less pressure is required to produce the same flux. The value
f ω = 2.03 × 10−3 day−1 
 1.4 × 10−2 week−1 implies that in order
o maintain the predetermined flux, the pressure needs to be
ncreased about 1.4% every week between two cleaning events;

oreover, ω can be alternatively considered as the membrane foul-
ng rate.

.2.2. Autocorrelation model
In this section, we apply the first order autocorrelation model,

n which the pressure is assumed to be a linear function of J, C, T
nd t, and an error at time t is influenced by a previous error:

P(t) = ˇ′
P + ˇ′

J J(t) + ˇ′
CC(t) − � ′T(t) + ω′t + e(t) (10)

(t) = �e(t − 1) + �(t) (11)

here �(t) is the uncorrelated random variable with zero mean
nd a constant variance, capturing all omitted factors affecting the
ressure in the model. In comparison to the semi-loglinear model
hat provided only the asymptotic variation of pressure behavior,
he pure linearity of this autocorrelation model can capture the
ensitive variation of the pressure in response to other filtration
ariables.

We used only partial data from days 255 to 600 (arbitrarily cho-

en) to calculate the coefficients in Eqs. (10) and (11). The data
et does not depend on the time interval as long as the inter-
al contains enough cleaning events so that the pressure growth
ate can be reasonably estimated. Fig. 8 contains the actual pres-
ure measurements, the fitting regions for estimating parameters
r autocorrelation model. The circles denote the actual operational data; the solid line
the calculated parameters: ˇ′

P
= 1.398 kg/cm2, ˇ′

J
= 5.578 × 10−2 [kg/cm2]/[m2/s],

.951 with R2 = 0.950. The parameters were estimated using data only between days
bles such as C, T, and J with respect to time t.

in Eqs. (10) and (11), and the forecasting results compared with
the observational data after day 600. The autocorrelation model
has a higher accuracy (R2 = 0.949) than that of the semi-loglinear
model. Direct comparison of coefficients does not provide mean-
ingful engineering information because they are not dimensionless.
However, the positiveness of all the coefficients indicates that
the autocorrelation model captures the underlying filtration phe-
nomenon with the model stationarity confirmed by � = 0.949 < 1
[30]. The value of ω′ = 0.0427 kg/(cm2 day) = 0.3 kg/(cm2 week) indi-
cates a weekly growth rate of pressure while ω of the semi-loglinear
model showed the weekly percent-increase rate. Using the average
pressure value over the entire filtration duration, the average per-
cent increase rate of the semi-loglinear model is roughly equivalent
to 0.1 kg/(cm2 week), which is in the same order of magnitude of
ω′.

The autocorrelation model with estimated coefficients is used
to forecast future variations in pressure (after day 600) as shown
in Fig. 8. This forecasting uses time series of C, T and J after day
600 as independent inputs. As expected, this autocorrelation model
almost perfectly captures future pressure variations. Need for the
independent inputs fundamentally limits the general applicabil-
ity of this autocorrelation model. If annual average values of C,
J and T are used, then the model only provides a constant value,
independent of time t, of the pressure over the future period. How-
ever, one can easily make reasonable forecasts of the pressure using
monthly, seasonal or yearly averages of C, J and T, based on the data
availability over the past filtration duration, or employ independent
extrapolations of time series for C, J and T.

5. Conclusions

We investigated statistical characteristics of filtration data (pro-
vided by Woongjin Chemical) using econophysics methods and
further estimated membrane performance evolution (as pressure
growth rate) using econometrics models developed in this study.
The stationarity of log-changes in concentration, temperature, flux
and pressure allowed the use of equilibrium-based econophysics
methods, which observe the multiple filtration variables at the
same point in time. The filtration index tree comprehensively

visualizes underlying inter-correlations and dynamic similarities
between the filtration variables in the constant flux operation. Log-
changes of the filtration variables, in general, follow the normal
distribution, which indicates that the filtration variables them-
selves are governed by the log-normal distribution due to periodic
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dij Euclidean distance between i and j
e disturbance in Eq. (11)
J permeate flux measured as flow rate [m3/s]
P0 constant swift term of autoregressive model in Eq.

(8) [kg/cm2]
Pi(t) daily closure stock price of company i [$]
Ri(t) return (or growth rate) of daily closure stock price

of company i
Rm membrane resistance [1/m]
Si(t) logarithmic change of daily closure stock price of

[
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leaning and/or seasonal variations. The periodicity of the pres-
ure time series was investigated using the autoregressive model
f econometrics. Weekly, monthly, and seasonal correlations of
he pressure profile were observed, and, more importantly, the
trongest correlation was found between two consecutive days,
ndicating the resemblance of the pressure time series to a Markov
hain. The semi-loglinear model, developed on the basis of Darcy’s
aw, calculated the pressure growth rate between two cleaning
vents as 1.4 % per week, equivalent to 0.1 kg/cm2 per week. Insen-
itivity of the semi-loglinear model was supplemented using the
rst-order autocorrelation model that has a linear functional rela-
ionship between the filtration variables and provided the pressure
rowth rate, 0.3 kg/cm2 per week. Membrane performance evo-
ution in terms of the pressure growth rate, as related to the

embrane fouling rate, was similarly estimated using the two
conometrics models with the stationarity verified using econo-
hysics tools.

To the best of our knowledge, this paper is the first to statistically
nalyze actual filtration data using fundamental tools developed
y econophysics and econometrics. Further studies can include
dvanced methods such as Bayesian analysis to determine the
robability that tomorrow’s pressure will stay same as the today’s
easured pressure given 5 % of flux decline today; a (generalized)

utoregressive conditional heteroskedasticity (ARCH) model to
apture underlying dynamic mechanisms which can have sophis-
icated distributions with a number of variables; and forecasting

odels for evaluation of basic characteristic parameters that
escribe long-term (e.g., yearly or longer) membrane aging rates.
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Nomenclature

˛i coefficient of time-lag i days in Eq. (8)
ˇC coefficient for log concentration in Eq. (9)
ˇ′

C coefficient for concentration in Eq. (10)
[(kg/cm2)/(�S/cm)]

ˇJ coefficient for log flux in Eq. (9)
ˇ′

J coefficient for flux in Eq. (10) [(kg/cm2)/(m3/s)]
ˇP constant shift term in Eq. (9)
ˇ′

P constant shift term in Eq. (10) [kg/cm2]
�� osmotic pressure gradient [kg/cm2]
�P applied pressure [kg/cm2]
�t time interval [day]

 disturbance in Eq. (9)
� coefficient for temperature in Eq. (9) [1/K]
� ′ coefficient for temperature in Eq. (10) [1/K]
� feed water viscosity [Pa s]
�(t) uncorrelated random variable with zero mean and

a constant variance in Eq. (11)
ω coefficient for time in Eq. (9) [1/day]
ω′ coefficient for time in Eq. (10) [1/day]
�ij correlation coefficient
S̃i(t) normalized Si(t)
C feed concentration measured as conductivity

[�S/cm]

[

[

[
[

[

[

[

[

[

[

[

[

[

[

[

[

[

[

company i, defined in Eq. (11)
T temperature [K]
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