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Cloud droplet formation depends on the condensation of water
vapor on ambient aerosols, the rate of which is strongly affected by
the kinetics of water uptake as expressed by the condensation (or
mass accommodation) coefﬁcient, αc. Estimates of αc for droplet
growth from activation of ambient particles vary considerably and
represent a critical source of uncertainty in estimates of global cloud
droplet distributions and the aerosol indirect forcing of climate. We
present an analysis of 10 globally relevant data sets of cloud condensation nuclei to constrain the value of αc for ambient aerosol. We ﬁnd
that rapid activation kinetics (αc > 0.1) is uniformly prevalent.
Uncertainty in water vapor accommodation on droplets is therefore
less than previously thought and resolves a long-standing issue in
cloud physics.
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tmospheric aerosols affect the radiative balance of the Earth,
directly through absorption and scattering of solar radiation
and indirectly by inﬂuencing the microphysical properties, abundance, and lifetime of clouds. The magnitude of the indirect aerosol
radiative forcing represents the most uncertain component of the
estimated anthropogenic effect on climate (1). Cloud properties
are intimately tied to the activation of individual aerosol particles
and subsequent growth of the newly formed droplets by accretion of
water vapor. This process depends on the rate of transfer of water
vapor to droplets; the fraction, αc, of water molecules impinging on
the surface of droplets that are incorporated in the droplet, the
so-called uptake coefﬁcient (2), is a critical parameter in global
climate models.
The value of αc has been a subject of research for decades; it is
commonly determined as an adjustable parameter to match growth
rate measurements of droplets containing a well-deﬁned concentration of solute (2, 3). The prevailing view is that αc for a pure
water surface is close to unity. Actual cloud droplets, however, may
contain solutes or surface ﬁlms that affect growth kinetics even at
low concentrations (4, 5), because slow solute dissolution (6) or
glassy or highly viscous aerosol phases (7) may suppress droplet
growth rates. The effective αc (that accounts for all water uptake
processes) for droplets activated on ambient particles may be
considerably lower than unity, with estimates of αc for ambient
droplets ranging from 10−5 to 1.0 (8–14). The smallest values in
this range are unlikely to be representative of the global aerosol
population, but several of these studies report values of αc between
10−1 and 10−2, indicating signiﬁcantly slower water uptake rates
than that for pure water droplets.
Droplet formation in climate model simulations can be very
sensitive to variations in αc, owing to the dependence of cloud
www.pnas.org/cgi/doi/10.1073/pnas.1219591110

droplet number concentration (Nd) on the maximum supersaturation that develops in clouds. The latter is controlled by
a balance between supersaturation generation (from radiative or
expansion cooling) and depletion from condensation of water
vapor on existing droplets. A smaller value of αc results in slower
water vapor condensation, allowing supersaturation to develop
more fully and increasing Nd before reaching its maximum. This
phenomenon is demonstrated by the sensitivity of global annual
average vertical distributions of Nd to αc, computed with a stateof-the-art climate model for preindustrial (Fig. 1A) and currentday emissions (Fig. 1B). As expected, Nd correlates directly with
aerosol concentration. Decreasing αc from 1.0 to 0.1 results in
a 10–15% increase in Nd for current day emissions, whereas
reducing αc to 10−2 and 10−3 leads to considerable increases in
Nd by factors of 1.5–1.8 and 2.0–2.5, respectively (Fig. 1C). This
Nd variability far surpasses the predicted 20–40% change in Nd
between preindustrial and current-day emissions (for constant
αc; Fig. 1D). The implication is that for aerosol–cloud–climate
interaction studies, the extent to which αc varies over space and
time (especially if αc < 0.1) is critical in understanding its contribution to Nd variability; hence, global cloud properties and
climate. Little is known, however, concerning the spatial and
temporal distribution of αc. This uncertainty translates to a considerable, but unconstrained, source of uncertainty in estimating
aerosol indirect forcing.
Measurements of the droplet size distribution resulting from
exposure of aerosol particles to a given water vapor supersaturation, the so-called Cloud Condensation Nuclei (CCN) data, can
provide the fundamental information on which values of αc can be
inferred. For this, threshold droplet growth analysis (TDGA) (15–
18) is based on comparing the growth of activated CCN against
a standard particle that rapidly grows [e.g., (NH4)2SO4 CCN with
αc > 0.1 (19)] for identical measurement conditions. If droplet
sizes from ambient particles are similar to the standard, they are
considered to have similar αc; a smaller droplet size may suggest
slower growth kinetics (and lower αc). TDGA is designed to detect
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Fig. 1. Global annual average vertical distributions of cloud droplet number concentration (Nd) computed with the NCAR Community Atmosphere Model 5.1
for (A) preindustrial emissions with ﬁxed αc and (B) current-day emissions with ﬁxed αc. (C) Nd for ﬁxed value of α normalized by those computed for αc = 1 for
preindustrial (solid line) and current-day (dashed line) emissions. (D) Nd for current-day emissions normalized with those for preindustrial emissions. Curve
represents average of all constant αc simulations, whereas error bars reﬂect the corresponding SD.

the presence of potentially slowly growing CCN but does not
numerically constrain αc. Furthermore, the technique is subject to
uncertainty when the particle number concentration is sufﬁciently
high to deplete supersaturation in the instrument (19, 20). TDGA
is therefore most effective when used to exclude the presence of
slowly growing CCN.
A recently developed numerical model that simulates droplet
growth in the Droplet Measurement Technologies CCN instrument
(19) is able to analyze large ﬁeld and laboratory data sets while
comprehensively accounting for supersaturation depletion effects
(20), variations in instrument operation parameters, and dry particle size distributions and hygroscopicity. The ﬁrst applications of the
model to ambient CCN data sets, one collected close to the
Deepwater Horizon oil spill site (14) and the other collected from
transecting forest ﬁre plumes (19), demonstrated that supersaturation depletion effects and changes in dry particle size and hygroscopicity distributions caused depressions in observed droplet
size that TDGA would incorrectly interpret as changes in αc.
Extending the analysis to ambient CCN data sets of global relevance
provides a novel constraint on the variability of αc and its dependence on source type and chemical composition.
The eight data sets analyzed here (Table 1; Fig. 2) are large and
globally representative (SI Text), including urban outﬂows, boreal
forests, Arctic air masses, fresh and aged biomass burning plumes,
and continental air with anthropogenic and biogenic inﬂuences.
We also include two previous studies on the activation kinetics of
aged marine air in the eastern Mediterranean (15, 16) and near
a strong hydrocarbon source at Deepwater Horizon (14). Stringent
ﬁltering to exclude data subject to instrument transients (ﬂuctuating behavior in column pressure, temperature, and supersaturation) and signiﬁcant changes in dry particle size distribution during
the sampling/averaging is required, as these can notably inﬂuence
droplet size and the kinetic interpretation. The latter is especially
important for airborne data, where the environment changes
2 of 5 | www.pnas.org/cgi/doi/10.1073/pnas.1219591110

rapidly. Even with ﬁltering, TDGA could not rule out the presence
of some droplets with depressed growth. To study whether the
observed depressed size is from αc < 0.1, instrument variability,
supersaturation depletion effects, or variability in aerosol size
distribution and hygroscopicity, we apply an approach proposed
by Raatikainen et al. (19) that is insensitive to observation and
Table 1. Globally representative data sets considered in this
study
Campaign
ICARTT (28)
EUCAARI (18)
MIRAGE (29)
AMIGAS (17)
GoMACCS (30)
ARCPAC (31)
ARCTAS (32)

Location

Dates

New Hampshire
7/04–8/04
Hyytiälä, Finland
3/07–5/07
Mexico City, Mexico
3/06
Atlanta, Georgia
8/08–9/08
Texas
8/06–9/06
Alaska
4/08
Saskatchewan,
7/08
Canada
CalNex (33, 34) California
5/10
FAME (15, 16) Finokalia, Crete
7/07–10/07
DWH (14)
Gulf of Mexico
6/10

Supersaturation (%)
0.2–0.6
0.1–1.8
0.07–1.05
0.2–1.0
0.3–1.0
0.1–0.6
0.20–0.57
0.31–0.34
0.2–0.73
0.31

The growth kinetics analysis of the FAME and Deepwater Horizon (DWH)
data sets is published elsewhere; analysis of the other eight data sets is presented in SI Text. AMIGAS, August Mini Intensive Gas and Aerosol Study;
ARCPAC, Aerosol, Radiation, and Cloud Processes affecting Arctic Climate;
ARCTAS, Arctic Research of the Composition of the Troposphere from Aircraft and Satellites; CalNex, California Nexus; EUCAARI, European Integrated Project on Aerosol Cloud Climate and Air Quality Interactions;
FAME, Finokalia Aerosol Measurement Experiment; GoMACCS, Gulf of
Mexico Atmospheric Composition and Climate Study; ICARTT, International
Consortium for Atmospheric Research on Transport and Transformation;
MIRAGE, Megacities Impacts on Regional and Global Environments; DWH,
Deepwater Horizon.
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Materials and Methods
Ambient CCN Data Sets Considered. CCN data are collected with a Droplet
Measurement Technologies continuous ﬂow streamwise thermal gradient
chamber (22, 23). This instrument consists of a continuous ﬂow tube in which
the sample ﬂow is focused on the column centerline by using a larger sheath
ﬂow. Chamber walls are kept wet, and a positive wall temperature gradient is
maintained by three sets of thermo-electric coolers. Because water vapor
diffuses faster than heat in air, supersaturation increases with distance from
the wall, reaching a maximum at the column centerline. Due to the entry
length effects, particles are ﬁrst exposed to a quickly increasing relative humidity until a relatively stable maximum supersaturation is reached. Activated
droplets exiting the chamber are counted and sized (20 size bins from 0.5 to
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Important implications arise from our results. First, αc is effectively constant for all the data considered, even for particles
composed largely of organics with very low oxygen content. Anthropogenic (compositional) impacts on αc are therefore limited
to the 0.1–1.0 range, considerably reducing the uncertainty for
cloud droplet number prediction in climate models. This study
resolves a decades-long uncertainty in cloud physics on the value
of αc, because it appears that αc for ambient aerosol can be represented in models with a constant value in the 0.1–1.0 range.
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prediction biases. Because activated droplet size is a function of
aerosol size distribution, hygroscopicity, instrument operating
conditions (accurately known), and αc (not known), one can
simulate the activation and growth of CCN in the Droplet Measurement Technologies CCN counter using a prescribed (constant) αc. If the difference between observed and predicted
droplet size is essentially constant for all of the data, then a constant αc is assumed valid. Indeed, this is found to be the case for
our globally relevant data sets. Prescribing αc = 0.2 [which is
representative of fast activation kinetics (19)] captures the temporal variability of measured droplet size (Fig. 3) to within
a constant bias and a 0.3-μm variance (Fig. 4), which characterizes
normal instrument variability and the essentially unresolvable
range of αc between 0.1 and 1.0 (19, 21). With this result and the
fact that TDGA suggests that the majority of particles activate as
rapidly as (NH4)2SO4, one concludes that αc > 0.1 is globally
representative. Regions of the globe not directly sampled (e.g.,
eastern Asia, Amazon) generally follow one of the air types of
Table 1; CCN activation kinetics of globally important secondary
organic aerosol generated in environmental chambers further
supports the model of rapid activation (SI Text).

18:00
8.6.2010

21:00
Date and Time (UTC)

0:00
9.6.2010

Fig. 3. Characteristic observed and predicted time series of number-average droplet diameter for αc = 0.2. Constant 1- and 2.3-μm offsets were added to the
observed droplet sizes from the CalNex and Deepwater Horizon campaigns, respectively. The Deepwater Horizon data are from ref. 14. Neglecting to simulate the
supersaturation depression from condensation of water vapor on CCN leads to a larger and considerably less variable predicted mean droplet size than observed.
Depletion effects are more prominent for DWH because the presence of coarse mode sea salt leads to larger-size droplets that cause greater total condensation
and water vapor depletion for a given particle concentration. In both data sets, applying TDGA would misidentify the presence of slow growth kinetics.
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Fig. 2. Campaign sites (green markers) and ﬂight tracks (light and dark blue lines) of the globally representative data sets considered in this study. Analysis of
the data sets is presented in SI Text and in previous publications (14–16).

Fig. 4. Probability density distributions of the difference between average
predicted (αc = 0.2) and observed droplet diameters in the CCN instrument
for all the data analyzed in this study. The observed droplet sizes are corrected for a constant bias expressing droplet sizing shifts in the CCN instrument and model prediction uncertainties, as described in SI Text. For all
the data shown, predicted droplet size exhibits variability that is within instrument uncertainty, meaning that the effective uptake coefﬁcient is effectively constant for all the data. Combining the results of TDGA on the
same data leads to the conclusion that rapid droplet growth kinetics (with αc
between 0.1 and 1.0) is globally prevalent.

Global Simulations. The impact of the mass accommodation coefﬁcient αc on
cloud properties and indirect aerosol radiative forcing was estimated using the
community atmosphere model (CAM5.1), which is a state-of-the-art atmospheric general circulation model with fully coupled aerosol–cloud interactions (24). We used the model conﬁgured with the ﬁnite volume dynamic
core, with a horizontal resolution of 1.9° × 2.5° and 30 levels in the vertical.
The three-mode version of the modal aerosol module (MAM3) was used,
which considers aerosol sulfate, ammonium, nitrate, primary organic matter,
secondary organic aerosol, black carbon, sea salt, and dust; particles are distributed into Aitken, accumulation, and coarse lognormal modes with prescribed geometric SD. The mode diameter varies as aerosol number and total
mass change. The MAM3 is coupled to a double moment cloud microphysics
scheme. Particles can be removed by wet removal mechanisms or regenerated
to interstitial aerosol after cloud droplets evaporate. Activation of aerosol to
cloud droplets is calculated with the (25) parameterization, which includes the
effect of αc on the activation process. Simulations with αc = 1, 10−1, 10−2, and
10−3 were performed for current-day and preindustrial emissions of aerosol
precursors, with climatological sea surface temperatures and ice cover. Emissions data sets used in the simulations are those of ref. 26 for both the present
day (year 2000) and preindustrial simulations (year 1850). The vertical distribution of emissions follows the protocol of ref. 27. The reported ﬁelds of incloud droplet number concentrations correspond to the annual average from
the last 5 y of simulation, after allowing 1 y of simulation for spin-up. The
annual average spatial distribution of cloud number concentrations are provided for preindustrial and current-day emissions are provided in SI Text.

CCN Instrument Model Description. The coupled instrument and droplet
growth model (19), freely available at http://nenes.eas.gatech.edu/Experiments/
CFSTGC.html, calculates ﬂow velocity, pressure, and supersaturation proﬁles
from the measured sample pressure, column temperatures, sample and
sheath ﬂow rates, and calibrated maximum supersaturation. Flow velocities
and supersaturation proﬁles are then used in a Lagrangian droplet growth
model to calculate the growth and activation of CCN as they ﬂow through
the instrument chamber. The growth model input parameters are αc, dry
particle size distributions, and hygroscopicity. Number concentrations are
needed to account for water vapor depletion effects because CCN chamber
supersaturation is decreased due to water vapor condensation on growing
droplets, leading to coupling between the instrument and droplet growth
models (20).
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SI Text
Description of Data Sets Considered in this Study. Experimental data

sets, which are all acquired by the Droplet Measurement Technologies Cloud Condensation Nuclei (CCN) counters (1, 2), are
summarized in Table 1, and their geographical distributions are
shown in Fig. 2. The analysis focuses on published high-quality
data sets where threshold droplet growth analysis (TDGA) could
not rule out the presence of kinetically limited droplets. Careful
ﬁltering of pressure and supersaturation transients, noting the
instrument and model accuracy limits, and accounting for possible
instrument operation issues are critical for unbiased conclusions
on droplet growth kinetics. The data sets are fully presented in
other publications; only brief overviews focusing on the model
inputs (instrument operation parameters, calibrated supersaturation, dry particle size distribution, and hygroscopicity deﬁned by
the κ parameter; ref. 3) are given below.
International Consortium for Atmospheric Research on Transport and
Transformation 2004. As a part of the International Consortium

for Atmospheric Research on Transport and Transformation
(ICARTT), the New England Air Quality Study–Intercontinental
Transport and Chemical Transformation (NEAQS-ITCT) (4) took
place in the northeastern United States during the summer of 2004.
High aerosol concentrations are common in this industrialized and
densely populated region due to both local and distant sources (5).
Our analysis is focused on CCN measurements at the University of
New Hampshire measurement site Thompson Farm in Durham,
NH. Although local aerosol sources are not important for this rural
site, elevated aerosol concentrations are observed when air masses
originate from the more polluted south–west sector (6, 7). On the
other hand, aerosol concentrations are signiﬁcantly lower when air
masses originate from the North Atlantic.
The Thompson Farm campaign was the ﬁrst ﬁeld deployment of
the Droplet Measurement Technologies CCN instrument, and
that ﬁrst-generation instrument had some hardware issues with
temperature and water ﬂow controls. These issues were more
common in the early part of the campaign, so we focus here on
the time period from July 31 to August 11. Details about the
measurements are given in ref. 8. Brieﬂy, the CCN counter was
operated at a stepping supersaturation mode (ﬁve steps between
0.1% and 0.6%) while sampling total CN, i.e., no other size selection in addition to a 2.5-μm cyclone was used. Dry particle size
distributions between 7 and 300 nm were measured by a scanning
mobility particle sizer (SMPS). Size distribution measurements
took typically 135 s; therefore, CCN data were averaged for each
SMPS scan. For the current analysis, dry particle hygroscopicity
described by κ (9) is calculated from the size distributions and
measured CCN concentrations. Assuming that all particles in
a size distribution have the same κ, there is a single critical dry
size so that all particles larger than this are activated at a ﬁxed
instrument supersaturation. This number of activated particles is
known from the CCN measurements, so the critical dry size can
be calculated and further converted to κ. Model simulations are
based on measured size distributions (103 size bins spanning
7–300 nm). All particles in a size distribution have the same κ
calculated from the instrument supersaturation and the characteristic dry particle diameter required to obtain closure between
CCN concentration and the integrated size distribution.
European Integrated Project on Aerosol Cloud Climate and Air Quality
Interactions 2007. The European Integrated Project on Aerosol

Cloud Climate and Air Quality Interactions (EUCAARI; ref. 10)
campaign took place in Hyytiälä, Finland, between March and
May 2007. The Hyytiälä measurement station is located at a
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rural area surrounded mostly by Boreal forests (10). When air
masses originate from the North Atlantic or Arctic Ocean,
aerosol mass concentrations are generally low and dominated by
organics possibly from biogenic sources (11, 12). The station also
receives more polluted and aged air masses from central Europe
and Russia. TDGA has been used to study CCN activation and
growth kinetics (13). Average ambient droplet size at the activation supersaturation was similar to that for the calibration
aerosol, but exhibited about 1-μm (20%) variations, which could
indicate nonnegligible changes in droplet growth kinetics. In
addition, droplet size distributions were sometimes bimodal over
a range of instrument supersaturation, possibly indicating large
differences in droplet growth kinetics. Therefore, this is a good
data set for a more detailed analysis.
As described in ref. 13, CCN measurements were conducted by
stepping both supersaturation (eight steps between 0.1% and
2%) and dry particle size (20, 40, 60, 80, and 100 nm, but the 20and 100-nm data were not considered). A full cycle took about
30 min, resulting in an activation spectrum (CCN/CN as a function of supersaturation, where CN is condensation nuclei concentration) for each dry size. A sigmoidal function was ﬁtted to
the activation spectra to ﬁnd the asymptotic maximum fraction
of particles that can be activated and the characteristic (median)
activation supersaturation, which was converted to characteristic
hygroscopicity (13). Model simulations are based on the average
particle properties described by the centroid mobility diameter,
hygroscopicity, and measured CN concentration multiplied by
the maximum activated fraction. The CN concentration scaling is
needed to correctly simulate CCN concentrations, which determine the water vapor depletion effects (14).
Megacities Impacts on Regional and Global Environments 2006. As a part
of the Megacity Initiative: Local and Global Research Observations (MILAGRO) program, the Megacities Impacts on Regional
and Global Environments (MIRAGE)–Mexico took place in
Mexico City, Mexico, during March 2006 (15). High aerosol concentrations are common due to signiﬁcant anthropogenic emissions, meteorological conditions, and local topography. Unlike in
Hyytiälä where anthropogenic biomass burning and vehicle
emissions are rarely seen (12, 16), these are the main organic
aerosol components in Mexico City (17, 18). The high secondary
organic aerosol concentrations are related to the location of the
city at a plateau 2,240 m above sea level surrounded by mountain
ranges from three directions. The high altitude means enhanced
photochemistry, and the mountains limit the dilution and transport of aerosol pollution. Padró et al. (19) have studied growth
kinetics of the water-soluble fraction of Mexico City aerosol by
applying TDGA to an ofﬂine CCN data set using ﬁlter samples
collected during the MILAGRO campaign. Even though they did
not see kinetic limitations in their 12-h average data, we will
analyze another high-resolution on-site data set (20) to see if the
same conclusions hold.
The on-site Droplet Measurement Technologies CCN instrument
was operating at the T1 surface site (Universidad Tecnológica de
Tecámac) about 30 km NNW from the urban T0 site (20). The
instrument operation setup was similar to that used in Hyytiälä: nine
supersaturation steps (0.1–1.2%) were taken during the 30-min
cycle, and four (40, 60, 80, and 100 nm) dry particle sizes were
sampled during each supersaturation step. Again, a sigmoidal
function was ﬁtted to each activation spectrum resulting in the
maximum activated fraction and the characteristic activation supersaturation, which was converted to hygroscopicity. Model inputs
are similar to those in Hyytiälä.
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August Mini-Intensive Gas and Aerosol Study 2008. The August MiniIntensive Gas and Aerosol Study (AMIGAS) took place in
downtown Atlanta, GA. High aerosol concentrations are common in Atlanta, especially during the later summer months due to
high sulfate and secondary organic aerosol (SOA) concentrations
(21, 22). Unlike in many other urban areas such as Mexico City,
a large fraction of the SOA is from regional biogenic sources
(23–26). The AMIGAS campaign was therefore focused on examining the interactions between biogenic and anthropogenic
volatile organic carbon (VOC) emissions and their contributions
to SOA. Padró et al. (19) have examined droplet growth kinetics
using the TDGA method. They found that observed droplet size
was sometimes clearly below of that of the calibration aerosol by
more than 1.0 μm. This droplet size difference was observed for
elevated CCN concentrations and at larger supersaturations,
possibly indicating water vapor depletion effects (14).
During the campaign, the Droplet Measurement Technologies
CCN instrument was operated in scanning mobility CCN analysis
(SMCA) mode (27), where a narrow dry particle size range is
selected by a differential mobility analyzer (DMA) while continuously changing the DMA voltage. In this case, the voltage
limits corresponded to a mobility diameter range from 7 to ∼500
nm (19). Each up-scan took 120 s, and an additional 15 s were
used to decrease the DMA voltage. Instrument supersaturation
was changed after every 6 min so that ﬁve supersaturations from
0.2% to 1.0% were covered during the 30-min measurement
cycle (19). Each mobility scan with a ﬁxed supersaturation produced an activation spectrum with activation ratios (CCN/CN) as
a function of dry particle size. The sigmoidal ﬁts to the activation
spectra gave the maximum activated fraction and characteristic
activation dry particle size, which was converted to the characteristic hygroscopicity (19). Model simulations are based on the
1-s average particle properties described by the centroid mobility
diameter, characteristic hygroscopicity, and CN concentration
multiplied by the maximum activated fraction.
Gulf of Mexico Atmospheric Composition and Climate Study 2006. The
Gulf of Mexico Atmospheric Composition and Climate Study
(GoMACCS) and the Second Texas Air Quality Study (TexAQS
II) were two simultaneous campaigns focused on air pollution
around Houston, TX (28). TexAQS II focused on the health effects, whereas the GoMACCS focused on the climate effects including aerosol–cloud interactions (28). High aerosol and ozone
concentrations are common in this densely populated and heavily
industrialized region containing several oil reﬁneries (29). Just
like in Atlanta, most of the aerosol mass is sulfate and organics,
but the biogenic contribution to SOA seems to be lower (30). We
focus on the CCN measurements made on board the Center for
Interdisciplinary Remotely Piloted Aircraft Studies (CIRPAS)
Twin Otter research aircraft (31). Because these airborne CCN
measurements were not size resolved, applicability of the TDGA
method is limited by the fact that there is a range of activation
supersaturations (and corresponding droplet sizes) to be compared against calibration aerosol. Therefore, Lance et al. (31)
compared average ambient aerosol droplet sizes to those of ammonium sulfate aerosol with dry size from 10 to 200 nm. Ambient
aerosol droplet size was generally larger than that of the calibration aerosol indicating fast growth kinetics, but signiﬁcant
droplet size variations up to 2 μm (up to 50% of the mean droplet
size) were observed. Such variations could indicate signiﬁcant
changes in droplet growth kinetics.
From the 17 ﬂights with CCN data, there were four ﬂights (7, 11,
16, and 17) where instrument supersaturation was stepped between
three values (0.3–1.0%), and it was kept constant (0.3–0.7%)
during the other ﬂights (31). Each dry particle size distribution
measurement by a dual automated classiﬁed aerosol detector
(DACAD; ref. 32) took 73 s, so the CCN data were averaged to the
DACAD time resolution. Measurements where the CCN counter
was connected to another sample line containing cloud droplet
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residuals (sampled with a Counterﬂow Virtual Impactor) were
ignored, because size distributions were always measured from the
main sample line. Dry particle hygroscopicity (κ) was calculated
from the dry size distributions and measured CCN concentrations
using the same method as with the ICARTT data. Model inputs
are also similarly based on the measured dry particle size distributions (85 size bins from 10 to 800 nm) and a constant κ for
each distribution.
Aerosol, Radiation, and Cloud Processes Affecting Arctic Climate 2008.

The Aerosol, Radiation, and Cloud Processes Affecting Arctic
Climate (ARCPAC) was an airborne measurement campaign focusing on Arctic aerosol around Alaska during spring 2008 (33).
Because local aerosol sources are scarce in the Arctic region, longrange transport from mid-latitudes together with slow removal
processes during the winter leads to an accumulation of aerosol
pollution, which is commonly known as the Arctic haze (34–36).
Most of the air pollution in the Alaskan Arctic originates from
Asia and Europe with a smaller contribution from North American continent and the surrounding oceans (37–40). Background
haze, biomass burning plumes, and anthropogenic pollution were
also encountered during the ARCPAC campaign (33).
There were ﬁve research ﬂights in the Alaskan Arctic with
a Droplet Measurement Technologies CCN instrument on board
(41). Instrument operation mode was similar to that during the
GoMACCS campaign, i.e., supersaturation was changed stepwise
between one and three values (0.1–0.6%) while sampling particles
without size selection. When CCN concentrations needed about
1 min to reach an equilibrium value after a supersaturation change
(41), this was not enough for the droplet size. As a result of these
transients, each supersaturation step was averaged to include
about 40–60 s of data from the end of the step. High time resolution (1 s) dry particle size distributions were measured by an
ultra-high sensitivity aerosol size spectrometer (UHSAS) and a
nucleation mode aerosol size spectrometer (NMASS) (41), but
these were averaged for the CCN data time sections. Dry particle
hygroscopicity was calculated from the averaged dry size distributions and CCN concentrations using the same method as in
the GoMACCS data analysis. Similarly, the model simulations are
based on the measured dry particle size distributions (118 size bins
from 5 to 975 nm) and a constant κ for each distribution.
Arctic Research of the Composition of the Troposphere from Aircraft and
Satellites 2008. The National Aeronautics and Space Administration

(NASA) Arctic Research of the Composition of the Troposphere
from Aircraft and Satellites (ARCTAS) summer campaign
(ARCTAS-B) was another airborne campaign focusing on Arctic
aerosol and especially fresh and aged ﬁre plumes (42), which are
known to have a signiﬁcant contribution to Arctic aerosol mass
concentrations (37, 38). From the three research aircraft used in
the ARCTAS campaign, we focus on the DC-8, which was equipped with a Droplet Measurement Technologies CCN counter. The
ﬂights covered large areas over Canada and Greenland (Denmark), including a ﬂight to the high Arctic near 90° N, and transit
ﬂights to and from Los Angeles, CA. Several ﬂights were focused
on local forest ﬁre plumes near Cold Lake, Canada, but also anthropogenic pollution and long-range transported ﬁre plumes from
Siberia were encountered (42).
Details of the CCN measurements, which were similar to those
during the ARCPAC campaign, are given in Lathem et al. (43).
The transit ﬂight to Canada and the ﬁrst ﬂight there had to be
discarded due to instrumental issues, so here we focus on ﬂights
18–24 from July 1–14, 2008. Instrument supersaturation was
stepped between two or three values ranging from 0.2% to 0.9%.
Dry particle size distributions (8.5–414 nm) were measured by an
SMPS and merged with distributions obtained with an UHSAS,
providing a composite distribution ranging from 8.5 nm to 1 μm.
The CCN data were averaged over the 105-s SMPS time resolution. Aerosol hygroscopicity was calculated initially from the
dry size distributions and CCN concentrations, but these proved
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to be noisy. Therefore, hygroscopicity was estimated from chemical
composition data measured by a high-resolution time-of-ﬂight
aerosol mass spectrometer.
California Nexus 2010. The California Nexus (CalNex) campaign,
which focused on climate change and air quality, took place in Los
Angeles, CA, during summer 2010. High aerosol concentrations
and other air quality issues are common in this densely populated
and industrialized area (44). Typically about half of the aerosol
mass is organics, and the inorganic fraction is mainly ammonium,
nitrate, and sulfate including smaller sea salt and dust components (44–47). Aerosol composition and concentrations depend
strongly on local meteorological conditions (e.g., wind direction)
and the different geographical features such as the Paciﬁc Ocean,
the Los Angeles basin, and Sierra Nevada mountains affecting
large scale air ﬂows.
Most of the CalNex CCN data were recorded using the scanning
ﬂow mode (48), the kinetics interpretation of which requires
a transient inversion analysis. The constant ﬂow mode CCN data
were collected during three ﬂights with the CIRPAS Twin Otter
aircraft (49) and two ﬂights with the NOAA WP-3D aircraft (50).
One NOAA WP-3D ﬂight was an excursion to the Gulf of Mexico
to examine the effect of the Deepwater Horizon oil spill on SOA,
but this data set has already been analyzed by the model (50). The
other NOAA WP-3D ﬂight encountered problems in measuring
dry particle size distributions. In addition, a steplike change in the
droplet size was observed during one Twin Otter research ﬂight,
which was most likely caused by an obstruction in the instrument
optics, so this ﬂight was also discarded. The measurements during
the two remaining ﬂights are similar to those used in the other
airborne campaigns discussed above and in Ensberg et al. (49).
Constant supersaturation (0.31–0.34%) was maintained while
sampling total aerosol. Dry particle size distributions (8–1,002
nm) were measured by a SMPS, and this limits the time resolution to 90 s. Aerosol hygroscopicity was calculated from dry
particle size distributions and measured CCN concentrations.
Other studies cited but already analyzed in the literature. In addition to
the eight data sets mentioned before, we also consider the kinetic
analysis of two data sets: one obtained in the Eastern Mediterranean during the 2007 Finokalia Aerosol Measurement Experiment (FAME-07; refs. 51 and 52) and one during the 2010
airborne survey of airmasses in the vicinity of the BP Deepwater
Horizon Oil spill (50). We also consider two studies focused on
secondary organic aerosol produced from oxidation of biogenic
hydrocarbons of global relevance (53, 54).
In the FAME-07 studies, measurements of total (51) and sizeresolved (52) CCN concentrations between 0.2% and 1.0% supersaturation, aerosol size distribution and chemical composition were performed at the remote Finokalia site (35°32′ N, 25°
67′ E; http://ﬁnokalia.chemistry.uoc.gr) of the University of Crete
in the eastern Mediterranean from July to October 2007. Most of
the particles activate at <0.6% supersaturation, reﬂecting the
aged nature of the aerosol in this region. Using threshold droplet
growth analysis, the growth kinetics of CCN is consistent with
rapid activation (NaCl calibration aerosol); hence, αc = 0.2 can be
assumed for CCN activation in this region.
The Deepwater Horizon oil spill study sampled secondary
organic aerosol from the oxidation of hydrocarbons emitted in the
vicinity of the spill during two survey ﬂights with the National
Oceanic and Atmospheric Administration WP-3D aircraft in June
2010. Owing to the large CCN concentrations in the air masses
sampled, TDGA could not exclude the presence of slowly activating CCN. The approach of Raatikainen et al. (55) was therefore
used to comprehensively account for water vapor depletion effects on activated droplet size measured by the CCN instrument.
The ability to capture the observed droplet size variability while
assuming rapid activation (αc = 0.2) is shown in Fig. 4 and Moore
et al. (50); failure to account for water vapor depletion effects
leads to ﬂuctuations in droplet size outside of the 0.3-μm
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uncertainty limit, which TDGA would misidentify as slowly
growing droplets (Fig. 4). Therefore, CCN activation in this environment is as rapid as calibration aerosol; hence, αc = 0.2 can
be assumed.
Engelhart et al. (53, 54) measured the CCN activity of SOA
from oxidation of monoterpenes and isoprene for a wide range
of conditions. Using threshold droplet growth analysis, the
growth kinetics of CCN is consistent with rapid activation (NaCl
calibration aerosol); hence, αc = 0.2 can be assumed for CCN
activation. This result is important, because it reﬂects the activation behavior of environments rich in biogenic SOA (e.g.,
boreal forests, Amazon).
Detailed Analysis of Data Sets. Because the previous TDGA studies
have shown that most droplets grow as quickly as the ammonium
sulfate calibration aerosol, correlation plots showing the observed
droplet size as a function of simulated droplet size for a ﬁxed αc =
0.2 (the previously determined optimal value for ammonium sulfate; ref. 55) is used to detect the presence of slow water uptake
kinetics. Correlation plots are suitable where one-to-one or even
linear correlation is not expected due to shifts in the optical particle counter (OPC) size calibrations; such sizing biases can be
a few microns or less, depending on the cleanliness of the instrument optics and the precision of the manufacturer OPC calibration (55). Model simpliﬁcations necessary for accelerating
calculations lead to overestimation of droplet size at high instrument supersaturations; this bias, however, is negligible for
supersaturation less than 1.0% (55). The predictions also depend
on the accuracy of the input parameters such as supersaturation
and thermophysical properties (56). As a result of these experimental and modeling biases, the correlation plots will show
whether most data points will be focused around a monotonic
curve. Deviations from this curve that are larger than the approximated 0.3-μm noise can indicate detectable changes in ambient aerosol water uptake coefﬁcient. To simplify the comparison,
a suitable polynomial function is ﬁtted to each data set to represent
fast kinetics; this is required to quantify the observation-prediction
bias for the αc = 0.2 simulation and the 0.3-μm “noise” limits required for producing the probability distribution of data that deviate from the average (rapid) kinetics (Fig. 4).
Calibration experiments give an estimate of the smallest statistically signiﬁcant change in αc and droplet size. Optimal αc for the
calibration aerosol is 0.2, but this is practically indistinguishable
from any αc between 0.1 and 1.0 (55). This αc range represents
about ±0.3-μm droplet size uncertainty, which is a reasonable estimate for the noise during steady instrument operation and twice
the theoretical range (αc between 0.2 and 1.0) calculated by Miles
et al. (56) for CCN measurement conditions similar to ours. We
adopt the larger uncertainty range as it better reﬂects the uncertainty from instrument operation, especially given that varying
αc between 0.1 and 0.2 is not important for climate. Lowest detectable αc depends on dry particle size, hygroscopicity, and instrument supersaturation, but generally values less than 0.001
mean that droplets do not reach the 1-μm droplet detection limit of
the CCN instrument. As a result, slowly growing droplets with αc
from 0.1 to 0.001, which have at least 0.3-μm effect on the droplet
size, can be distinguished from the rapid growth with αc = 0.2.
ICARTT 2004. A ﬁrst inspection of the data shows that there are at
least six instances in which the correlation between observed and
simulated droplet sizes changes abruptly. These changes can be
related to two types of instrument issues. First, instrument
ﬂooding and drying seem to have left residues to the OPC optics,
and this has changed sizing slightly. Second, failures of the
thermo-electric coolers (TECs) controlling the CCN chamber
temperature gradient seem to have produced bimodal droplet size
distributions, which have a large supersaturation dependent effect
on the average droplet size. The bimodal droplet size distributions
can be explained by the fact that even a small local perturbation
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in the CCN chamber wall temperature proﬁle can produce a dip
to the otherwise slowly increasing centerline supersaturation
proﬁle resulting in two maximum supersaturation values.
When an aerosol distribution reaches the ﬁrst lower maximum,
the largest and more hygroscopic particles activate. Slightly
smaller and less hygroscopic particles activate at the second
larger maximum, and because of the different growth times,
the ﬁnal droplet size distribution is split.
For clarity, Fig. S1A shows only the two most different sections
of the data. Marker color is based on instrument supersaturation
being approximately 0.2%, 0.3%, 0.37%, 0.5%, and 0.6%.
Quadratic polynomials have been ﬁtted to both sections to
represent fast kinetics (solid lines) and to show the ±0.3-μm
noise limits (dashed lines). The correlation between the observed
and simulated droplet size is practically linear for the August 4–6
section, but the other section is clearly different due to a TEC
failure, which produces bimodal droplet size distributions. The
correlation is nonlinear, because the fraction of smaller droplets
depends on instrument supersaturation being highest for the
intermediate supersaturations. For example, typically droplets
are larger than 1.5 μm at the 0.37% supersaturation, but here
about one-third of the droplets were smaller. The only points
that exceed the ±0.3-μm noise limits are seen in the series affected by a TEC failure. The deviations are also small, with both
positive and negative deviations indicating increased noise.
Therefore, we can conclude that the model can explain observed
droplet size variability using a constant water vapor uptake coefﬁcient; thus, ambient droplets grow as quickly as ammonium
sulfate calibration aerosol. This conclusion is valid for the other
sections that are not shown here.
The largest variations in the observed droplet size were about
1 μm, and additional simulations showed that these are mainly
caused by water vapor depletion effects (14). This simulation
result is in good agreement with expectations, because CCN
concentrations often exceeded 1,500 cm−3 (ambient pressure).
The effects of hygroscopicity and dry particle size variations on
droplet size were much smaller, but this is largely caused by
uncertainties in hygroscopicity and lack of knowledge of the
300- to 2,500-nm dry particle size distributions. Examples of the
ﬁltering applied for the droplet kinetic analysis is provided in
Fig. S2.
EUCAARI 2007. Fig. S1B shows the correlation between observed
and simulated droplet sizes. Dry particle sizes are indicated by
different marker colors, and different supersaturations can be
seen as partly overlapping data clusters. The lowest supersaturations (<0.6%) and those that are not at least 0.2% larger
than the characteristic activation supersaturation were ﬁltered to
reduce biases due to insufﬁciently precise characterization of
particle size or hygroscopicity distributions. Simulated and observed droplet sizes are generally very similar in magnitude, and
the deviations from the ideal one-to-one correlation are well
within the normal instrument sizing and simulation uncertainties.
A quadratic polynomial was ﬁtted to the data to represent fast
kinetics (solid line) and to calculate the ±0.3-μm noise limits
(dashed lines). Most of the data points are within the noise limits,
and a detailed inspection of the outliers showed that the largest
(>1 μm) deviations occur right after column top temperature
changes, so they are caused by instrument transients. However,
some of the smaller (∼0.5 μm) deviations in the 40-nm data series
are seen due to a secondary droplet mode similar to those observed in the ICARTT data above. Because this is also most likely
an instrument bias (a TEC failure as discussed above), we conclude that the average droplets grow as quickly as the ammonium
sulfate calibration aerosol, which is in good agreement with the
previous TDGA study (31).
The largest variations in the observed droplet size were about
1.5 μm, and model simulations showed that these were mainly
caused by variations in dry particle hygroscopicity. This ﬁnding
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shows the importance of accounting for hygroscopicity; if hygroscopicity variations were neglected, the observed 1.5-μm variations in droplet size would have been interpreted as signiﬁcant
changes in water uptake coefﬁcient. The effect of dry particle
size variations on droplet size was negligible due to the initial size
selection. For the same reason, CCN concentrations were always
less than 250 cm−3 and rarely exceeded 100 cm−3 (ambient
pressure), resulting in negligible water vapor depletion effects.
MIRAGE 2006. Fig. S1C shows the correlation between observed and
simulated droplet size for the four dry particle sizes. Again, supersaturations that are not at least 0.2% larger than the characteristic supersaturation were ﬁltered due to the model limitations.
A quadratic polynomial was ﬁtted to the data to represent fast
kinetics (solid line), and the ±0.3-μm noise limits (dashed lines)
are also included. It seems that there is a dry size-dependent bias
so that the model overpredicts droplet size for the 40-nm particles
and underpredicts that for the 100-nm particles. Instead of differences in droplet growth kinetics, this seems to be related to
a small bias in the droplet growth times caused by the model
simpliﬁcations. If these dry sizes were considered separately, there
would be very few outliers. However, this is not necessary because
the variations in the combined case are also almost exclusively
within the 0.3-μm uncertainty limits. A closer look at the clear
outliers reveals that these are again related to instrument transients. Therefore, the conclusion is that the droplets grow as
quickly as the ammonium sulfate calibration aerosol, which is in
good agreement with the previous ofﬂine study (19).
Hygroscopicity variability is once more the main reason for
droplet size variability, but this time water vapor depletion has an
observable effect. For the highest CCN concentrations (1,000–
2,000 cm−3 at ambient ∼750 mbar pressure) and the largest
droplet sizes, the model predicts an ∼10% (0.7 μm) decrease in
droplet size, which is clearly above the noise limit.
AMIGAS 2008. Simulation results are shown in Fig. S1D. For clarity,
only the data for 140- to 160-nm dry sizes are shown, but the
correlation would be similar for the other dry sizes. The 0.2%
supersaturation data are not included, because average droplet
size is often too close to the OPC detection limit (about 1 μm).
The data are also ﬁltered by removing possibly noisy data points
with less than 25 particle counts [σ(N)/N ≥ 0.2 when assuming
Poisson counting statistics] and points where dry size is less than
30% larger than the characteristic dry size. The ﬁgure also shows
a cubic function ﬁtted to the data to represent fast kinetics and
the typical ±0.3-μm uncertainty limits.
Most of the outliers exceeding the uncertainty limits are in a small
cluster of 0.4% supersaturation data points that seem to have
a larger (than average) simulated droplet size. Given that these
particles are with relatively high κ (∼0.6) and large CCN concentrations, a 10% undercounting of CCN (57) explains underpredicting supersaturation depletion effects and overpredicting
droplet size. CCN size-dependent hygroscopicity causing a decrease in the observed droplet size with increasing dry size is the
main explanation for the largest deviations for the three largest
supersaturations. There are also a few scans (10–30 of 3,214)
where some smaller droplets are observed. Unlike in Hyytiälä and
Thomson Farm where clear bimodal droplet size distributions
were observed, most of the smaller droplets are just single counts
distributed evenly between the OPC detection limit and the main
droplet mode. Theoretically, these droplets could have lower water uptake coefﬁcients, but a smaller externally mixed particle
mode activating after the main mode is another possible explanation. Because these droplets are a small fraction of total CCN
and have a negligible effect on the average droplet size, signiﬁcant
kinetic limitations can be ruled out. This conclusion is in good
agreement with the TDGA analysis by Padró et al. (57), except that
they also rarely observed signiﬁcantly smaller (>1.0 μm) droplets.
Our ﬁltering removed these points, so it is possible that the outliers
in Padró et al. (57) are just noisy data points.
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Most variations in the observed droplet size can be explained by
both time- and size-dependent variations in dry particle hygroscopicity. Model simulations are based on time dependent hygroscopicity only, which means that they cannot fully capture the
observed droplet size variability, but the simulations seem to be
accurate most of the time. Measured CCN concentrations were
always less than 600 cm−3 and generally less than 100 cm−3 (at
instrument pressure ∼940 mbar), so signiﬁcant water vapor depletion effects were not expected, and this was conﬁrmed by
model simulations showing negligible changes in droplet sizes.
GoMACCS 2006. The ﬁrst model runs show that there is a steplike
change in the difference between observed and simulated droplet
size. The difference was initially ∼0.5 μm, but after ﬂight 9 (August
29, 2006) it increased to ∼1.0 μm. This increase seems to be related to the instrument pressure, which changed with altitude
during the ﬁrst nine ﬂights, after which a Droplet Measurement Technologies inlet pressure controller was installed to
keep it at about 700 mbar (31). To simplify the comparison,
0.5- (before pressure controller) and 1.0-μm (after pressure
controller) corrections were applied to the observed droplet
size. In addition to this constant bias, the ﬁrst correlation plots
showed that deviations were often larger than 2.0 μm. Most of
these were clearly caused by transients seen after supersaturation, column top temperature, and pressure changes. Because
it is not possible to ﬁlter all suspicious data points without also
ﬁltering possible cases with slow droplet growth kinetics, only
the most obvious pressure variations (more than 15-mbar differences from next or previous pressure value) were removed.
Examples of the ﬁltering applied for the droplet kinetic analysis
is provided in Fig. S2.
The pressure-ﬁltered results for the 17 ﬂights including a linear
ﬁt to the data to and the typical ±0.3-μm (and in this case, more
realistic ±0.5-μm) uncertainty limits are shown in Fig. S1E. Labels are not shown due to the space limitations, but each of the
17 ﬂights has a different marker color, and the two marker types
indicate the constant and stepping supersaturation mode ﬂights. A
few points exceed the ±0.5-μm uncertainty limit, but the deviations
are large (∼1 μm) when this happens. A careful inspection of the
raw data shows that additional transients (e.g., column top temperature and supersaturation) and changes in aerosol properties
during the averaging time are likely explanations for the deviations.
For example, transient supersaturations most likely cause the positive deviations for the stepping supersaturation ﬂights (the circles
above the linear ﬁt), and the largest deviations during the constant
supersaturation ﬂights are seen when there are signiﬁcant variations in CCN concentrations (possibly indicating changes in
aerosol properties). Because transients or changes in CCN during
the 73-s averaging time can explain the largest differences between
observed and simulated droplet sizes, fast kinetics can be assumed
for the whole data set.
CCN concentrations were generally high and sometimes
exceeded 10,000 cm−3 (at ambient pressure), which should cause
clear water vapor depletion effects (14). The simulations showed
that water vapor deletion could have up to a 15% (1 μm) effect
on average droplet size. This effect was also seen in the experimental data, although CCN concentration variations within the
73-s averaging time also contributed to droplet size variability.
The effects of hygroscopicity and dry particle size on droplet size
are not as clear as in the size resolved data sets.
ARCPAC 2008. ARCPAC is another airborne campaign in which the
stepping supersaturation mode was used, so increased droplet size
variability can be expected. On the other hand, pressure and ﬂow
rate ﬂuctuations were lower than those during the GoMACCS
campaign, and the clear transients were ﬁltered before model
simulations. In fact, this initial ﬁltering was so effective that additional ﬁltering is not needed. The ARCPAC results and a quadratic polynomial ﬁtted to the data are shown in Fig. S1F. The
observed droplet size is about 30% smaller than the simulated
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droplet size, but this is still within the experimental and modeling
uncertainties. When this size bias is neglected, the difference
between observed and predicted droplet size is mostly within the
±0.3-μm uncertainty limits. Again, a closer look at the raw data
shows that transients and uncertainties in hygroscopicity can explain the largest deviations. Therefore, we can conclude that the
droplet growth is as fast as that of the calibration aerosol. Examples of the ﬁltering applied for the droplet kinetic analysis is
provided in Fig. S2.
Variations in hygroscopicity can explain most of the relatively
small changes in the average droplet size. Dry particle size distributions and water vapor depletion have a minor effect on
droplet size. Model simulations showed that, for the largest CCN
concentrations (less than 1,000 cm−3 at instrument pressure ∼450
mbar), the change in droplet size due to water vapor depletion is
just 0.1 μm, which is well below noise.
ARCTAS 2008. The ARCTAS data set and the results in Fig. S1G
are similar to those from the ARCPAC campaign. Because
ARCTAS data were not as strictly ﬁltered for transients (compared with ARCPAC data), a slightly larger fraction of the data
points exceeds the ±0.3-μm uncertainty limits. Small differences
between the individual ARCTAS ﬂights are also apparent. For
example, most of the data points from the ﬁrst ﬂight (18) are
below the quadratic ﬁt line, but those from the last ﬂight (24) are
above the line. These differences, however, are much smaller
than those in the GoMACCS campaign, where a 0.5-μm step was
observed, so no correction is needed here. The largest differences between observed and simulated droplet sizes are generally less than 0.5 μm, which seems to be a better noise estimate
for most airborne measurements. Therefore, fast kinetics can be
assumed for this data set.
The effects of hygroscopicity and size distributions on droplet
size are mostly within noise. The highest CCN concentrations
during ﬂights 18, 19, and 24 were regularly above 10,000 cm−3
(standard temperature and pressure), so signiﬁcant water vapor
depletion effects can be expected. In good agreement with the
observations, model simulations showed that vapor depletion
had up to a 25% (2 μm) effect on droplet size, which is well
above noise.
CalNex 2010. CalNex data are practically free of transients due to
the constant supersaturation and an effective pressure control. In
addition, compared with those from the previous airborne campaigns, CCN concentrations are smooth, indicating well-mixed air
masses, which yields averages with small variability. The results
including a linear ﬁt and ±0.3-μm uncertainty limits are shown in
Fig. S1H. Only a few data points exceed the ±0.3-μm uncertainty
limits, and the largest deviations are positive, which cannot be
caused by kinetic limitations. Therefore, fast droplet growth kinetics can be concluded.
Because the largest CCN concentrations are 3,000 cm −3
(standard temperature and pressure), water vapor depletion has
a small effect on droplet size (14). The simulations show that the
largest decrease in droplet size is about 5% (0.3 μm), which is
observable due to the low noise. For example, Pearson’s correlation coefﬁcient (R) for the observed and predicted droplet size
(the linear ﬁt in Fig. S1H) increased from 0.79 to 0.90 when the
simulations account for water vapor depletion. The effect of hygroscopicity on droplet size is also observable, but size distribution effects are small.
Contrasting These Results Against Other Published Literature That
Cite Low αc . Careful ﬁltering of pressure and supersaturation

transients, noting the instrument and model accuracy limits (especially when supersaturation depletion occurs), and observing
possible instrument malfunctions are critical for correct interpretation of droplet activation kinetics data from CCN measurements. Studies published to date may have been less aware of
these issues and their importance, with implications for the kinetics
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lems, however, were observed in the ICARTT 2004 and EUCAARI 2007 data sets and could contribute to the small droplets
observed in the study of Ruehl et al. (60). Finally, the chamber
SOA study of Asa-Awuku et al. (61) detected the presence of
slowly growing CCN produced during the dark ozonolysis of
β-caryophyllene. Although there was no evidence indicating that
growth delays were caused by instrument issues or vapor depletion
effects, subsequent studies attempting to reproduce this result
were unsuccessful. Therefore, even if dark ozonolysis of β-caryophyllene leads to slowly growing particles, it occurs with limited
frequency and is not overall a major contributor to global CCN.

interpretation. Using TDGA, Asa-Awuku et al. (58) reported that
60% of the ambient average droplet sizes during the 2006 Texas
Air Quality Study (which overlapped with the GoMACCS campaign) were smaller than the rapid activation standard. Slow
droplet growth kinetics, however, is an unlikely explanation. Instead, water vapor depletion effects are likely due to the high CCN
concentrations sampled combined with insufﬁcient ﬁltering of data
against supersaturation transients, pressure ﬂuctuations, and
electronic (likely thermal) noise. Ruehl et al. (59) have also studied
aerosol growth kinetics in Houston, TX. Their analysis suggested
that about 25% of ambient particles experienced some degree of
kinetic limitations. However, the variability in particle hygroscopicity distributions and effects of water vapor depletion could
have explained some smaller droplet sizes. While studying droplet
growth kinetics close to the California coast, Ruehl et al. (60)
observed bimodal droplet size distributions from the activated
CCN. This observation may be interpreted as a small subset of
aerosol experiencing retarded activation kinetics; similar bimodal
droplet size distributions caused by instrument operation prob-

Figs. S3 and S4 shows the average annual average droplet number
concentration, Nd, at the 936-mb pressure level, for preindustrial
and current day simulation, respectively. In all these ﬁgures, results are shown for αc = 1.0 (Upper Left), 10−1 (Upper Right), 10−2
(Lower Left), and 10−3 (Lower Right).
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Fig. S1. Observed average droplet size as a function of simulated droplet size for the eight measurement campaigns. Each plot has a ﬁtted solid line representing fast kinetics and the dashed gray lines represent ±0.3-μm uncertainty limits. Larger ±0.5-μm uncertainty limits are also shown for GoMACCS. The thin
black dashed line shows the one-to-one correlation.
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Fig. S2. Examples of ﬁltering of data collected from three ﬁeld campaigns.

Fig. S3. Annual average cloud droplet number concentration for preindustrial emissions (936 mb pressure level). Number at the top right corner of each
subplot represents the global annual average mean concentration. Results are shown for αc = 1.0, 10−1, 10−2, and 10−3.
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Fig. S4.
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Similar to Fig. S3 but for current day emissions.
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