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Abstract.

Mixed-phase clouds, which are dominant in mid- and high-latitude regions, strongly influence Earth’s radiative balance and

precipitation processes. Their formation depends critically on the presence of ice-nucleating particles (INPs), which are rare

relative to cloud condensation nuclei. The HyICE-2018 measurement campaign took place at the SMEAR II station in the

high-latitude boreal forest of Hyytiälä, Finland, between February and June 2018. Two continuous-flow diffusion chambers5

(CFDCs), PINC and PINCii (Portable Ice Nucleation Chambers I and II), were deployed with high-frequency sampling to

measure INP concentrations. We applied machine-learning techniques to explore predictors of INP concentrations using more

than 500 high-resolution atmospheric, aerosol, and ecosystem variables measured continuously at the Station for Measuring

Ecosystem-Atmosphere Relations (SMEAR) II, of which 84 were retained after quality screening for the analysis. We identify

distinct differences between winter and spring/summer measurements. The winter measurements conducted with PINC ap-10

pear to be nearly independent of any monitored variable. In contrast, the spring/summer measurements conducted with PINCii

appear to be more closely linked to and responsive to ambient aerosol properties. Furthermore, we find that classical parameter-

izations based on aerosol particle concentration overestimate observed INP concentrations in the boreal environment. However,

similar empirical fits based on local proxies, such as a marker of biogenic aerosol or nitrate, yield improved agreement during

spring and summer, while no improvement occurs during winter. A core cautionary finding of this study is that, even with more15

than 500 co-located, high-resolution variables at one of the world’s most heavily instrumented atmospheric stations, strong,

deterministic links between INP concentrations and monitored parameters remain elusive. These results underscore the need

for site-specific parameterizations to capture INP variability in the complex boreal environments; local biogenic and chemical

proxies, such as fluorescent particle concentrations and nitrate aerosol mass, emerge as the most promising predictors for the

spring and summer period.20
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1 Introduction

Clouds, especially at high-latitudes, exist in a sensitive balance. Most clouds, including those that bring precipitation to north-

ern latitudes, exist between 0◦C and -40◦C and are “mixed-phase”, meaning that both liquid water and ice exist within their

bounds (Mülmenstädt et al., 2015). For ice crystals to form via heterogeneous nucleation, temperatures below 0◦C are re-

quired; at such temperatures, ice is the thermodynamically stable phase, yet supercooled liquid water persists because a high25

kinetic barrier inhibits spontaneous freezing. Even with this inherently thermodynamically metastable co-existence of ice and

supercooled liquid water—ice is the stable phase below 0◦C, but a high kinetic barrier to nucleation sustains liquid water in

the absence of efficient INPs—, mixed-phase clouds are widespread (Mülmenstädt et al., 2015) and persist for many hours and

even days, which is important for Earth’s energy budget and precipitation processes (Shupe et al., 2013). At high latitudes,

particularly in the Arctic, mixed-phase clouds play out-sized roles in regulating climate, where amplifying feedbacks—such30

as the ice-albedo feedback and the water vapour–temperature amplification characteristic of polar warming—have particularly

pronounced effects (Shupe and Intrieri, 2004; Morrison et al., 2012). Importantly, mixed-phase clouds primarily form with the

help of small particles in the atmospheric aerosol that provide the initial seeds for ice and liquid droplet formation (ice can also

enter a cloud via sedimentation from above, e.g., the seeder–feeder mechanism). Those seeds, ice nucleating particles (INPs)

and cloud condensation nuclei (CCN) are fundamental to cloud formation, precipitation efficiency, and radiative properties.35

Of these, the consensus is that INP are significantly more rare than CCN, and there remains great uncertainty when it comes

to predicting INP occurrence (whether INPs are present at all) and abundance (how many are present per unit volume of air)

(DeMott et al., 2010).

In 2018 an intensive measurement campaign (HyICE-2018; Brasseur et al., 2022) was undertaken at the Hyytiälä, Finland,

Station for Measuring Ecosystem-Atmosphere Relations (SMEAR) II with a focus on measuring INPs in the boreal environ-40

ment. A strong motivation for co-locating the HyICE-2018 INP measurements at the SMEAR II station was due to the fact

that SMEAR II is a heavily instrumented station for monitoring a plethora of meteorological, ecological, hydrological, etc.,

variables (Hari and Kulmala, 2005). It is in fact one of the most significantly instrumented such stations globally, as illustrated

by its inclusion in many measurement networks, e.g., the Integrated Carbon Observation System (ICOS; Heiskanen et al.,

2022), the Aerosol, Clouds and Trace Gases Research Infrastructure (ACTRIS; Pandolfi et al., 2018), and the Swedish Infras-45

tructure for Ecosystem Science (SITES; Swedish Infrastructure for Ecosystem Science 2021) Previously, several results from

both the intensive HyICE-2018 campaign (Paramonov et al., 2020; Schneider et al., 2021; Brasseur et al., 2022, 2024; Vogel

et al., 2024), and long-term studies extending the campaign (Schneider et al., 2021) have been published. Key findings include

the characterisation of condensation/immersion mode INP concentrations and their likely origin from long-range transport

(Paramonov et al., 2020), the identification of seasonal trends linked to biogenic emissions (Schneider et al., 2021), instrument50

intercomparison results (Brasseur et al., 2022), the vertical distribution of INPs over the boreal forest (Brasseur et al., 2024),

and the role of fluorescent biological aerosol particles as INP tracers (Vogel et al., 2024). To complement those studies, herein

we attempt to exploit the wide scope of parameters that are measured at SMEAR II with high time resolution. In addition

to classical correlation studies, commensurate with the already published HyICE studies, we attempt to use several machine
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learning algorithms as importance-ranking and pattern-exploration tools to investigate the emergence of non-obvious (or intu-55

itive) connections within the available high-frequency data. When many variables are screened simultaneously, the probability

of finding spurious correlations increases; the results presented here should therefore be interpreted as hypothesis-generating

rather than hypothesis-confirming, and the identified associations require independent validation.

Previous studies have linked INP concentrations to a range of aerosol properties, including total particle number concentra-

tion above 0.5 µm (DeMott et al., 2010; Tobo et al., 2013), fluorescent biological aerosol particle concentrations (Tobo et al.,60

2013), mineral dust loading (DeMott et al., 2015), and black carbon (DeMott, 1990). At the same site, Paramonov et al. (2020)

found that no single parameter predicted INP concentrations over the full campaign period, although short-timescale correla-

tions with black carbon, supermicron biological particles, and sub-0.1 µm particles were observed. These precedents motivate

the present study’s open-ended screening approach while providing the physical context for interpreting the resulting variable

rankings.65

The results of our study are educational but cautionary. Strong links between INP concentrations and fundamental chemical

signatures of the atmospheric aerosol do exist, but are likely open to over-interpretation. Especially with several hundred

variables measured with high frequency time resolution, correlation does not necessarily illuminate causation. With regard

to INPs, which are a small fraction of all atmospheric particulate, the indication is that improved mechanistic understanding

remains abstruse.70

2 Methods and Data

2.1 Study site and period

The HyICE-2018 campaign took place at the SMEAR II measurement station in Hyytiälä, Finland (Hari and Kulmala, 2005)

located within a sub-Arctic boreal environment at 61◦51’N, 24◦17’E and 181 m above sea level. The station set up and details

during HyICE-2018 are fully described in Brasseur et al. (2022). For the purposes of this study, the time period of interest is75

from mid-February 2018 (February 19) to mid-June 2018 (June 10), during which time two continuous flow diffusion chambers

(CFDCs; PINC - Portable Ice Nucleation Chamber, and PINCii - second-generation PINC) sharing design characteristics were

operated to sample ambient aerosol and measure INPs with high time resolution.

2.2 Complementary Data and Machine Learning

Although INP concentration is highly temperature dependent, for much of the heterogeneous freezing temperature spectra80

(between ≈−38◦and 0◦C) INPs represent a small fraction (as low as one in a million) of all particles (DeMott et al., 2010).

That means that there is significant scientific interest in identifying tracers or other indicators of freezing activity that can be

used to follow INP concentration.

Detailed instrument specifications for the HyICE-2018 campaign instruments are provided in Brasseur et al. (2022); metadata

for the full SMEAR II monitoring suite are available via the SmartSMEAR portal (Junninen et al., 2009).85
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The machine learning analysis employed random forest and decision tree models to derive feature importance rankings, and

principal component analysis (PCA) together with K-means clustering for dimensionality reduction and pattern exploration.

These algorithms were applied as exploratory importance-ranking tools; no train/test data splitting or cross-validation was

performed, as the objective was hypothesis generation rather than predictive modelling. Prior to analysis, all variables were

harmonised to a common 20-minute time base; variables measured at coarser resolution were assigned to the nearest 20-90

minute interval, and those at finer resolution were averaged. The analyses were implemented in R: random forests with the

randomForest package, decision trees with rpart, and PCA and K-means with the base functions prcomp and kmeans.

Random-seed sensitivity is quantified by running the random forest under 50 independent seeds; the seed-resolved importance

scores are archived with the analysis code (see Code availability).

In addition to the INP measurements, for the purpose of this investigation, 509 individually monitored variables that are95

continuously recorded at SMEAR II were interrogated (data are available online at smear.avaa.csc.fi). Those measurements,

recorded with high time resolutions, are mostly atmospheric in character and can be broadly categorized as: meteorological,

radiological, soil, characteristics of aerosols and gases, and associated data products of the aforementioned. Naturally, the

resulting multidimensional data includes many potential redundancies and/or irrelevancies, in terms of illuminating connections

to INPs. Therefore, data filtering techniques were implemented to reduce the dimensionality and redundancy within the data.100

As a first pass data features were not considered if they contained the following: I. Excessive NaN values, such as are often

generated when concentrations are below instrument sensitivities. II. Data with little or no variability, i.e., constant values. III.

Data which was duplicated, like the same parameter sampled at different heights but without showing systematic differences.

The study also employs the Wideband Integrated Bioaerosol Sensor (WIBS), a real-time, single-particle instrument designed

for atmospheric bioaerosol detection. The WIBS uses dual ultraviolet excitation wavelengths and subsequent fluorescence105

emission measurement to infer the presence of biological material in individual aerosol particles. Light scattering from a 635

nm diode laser determines particle size (> 0.5µm; Tang et al., 2022).

It is important to note that these machine learning methods were applied here as importance-ranking and exploratory tools,

not to build or evaluate a predictive model; no train/test data splits were applied.

2.3 INP concentration measurements110

The following instrument specifications are provided to establish the conditions under which INP concentrations were measured

(particularly the lamina temperature and humidity, which define the INP activation threshold) and to facilitate comparison with

other CFDC-based INP studies.

Specifically, we test whether new particle formation (NPF) events generate particles that grow into the INP-relevant size

range (>0.5 µm); whether primary biological aerosol (proxied by fluorescent particle counts from the WIBS) is a dominant115

INP source in this environment; and whether aerosol chemical markers—including black carbon, nitrate, and organic aerosol

mass—can serve as practical INP proxies.

Of the operational sampling units from the HyICE-2018 campaign, two CFDCs have time resolutions that make their data

practical to compare with other parameters sampled at high frequency, and have been directly compared by Brasseur et al.
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(2022). PINC and PINCii are parallel-plate CFDCs designed to measure INPs, present in a sample air flow that is sandwiched120

between clean sheath air. Ice nucleation conditions within the sample air flow are modeled for CFDCs based on measured wall

temperatures and the known saturation vapor pressure for the ice covered walls (Garimella et al., 2016, 2017; Castarède et al.,

2023).

PINC, the first-generation instrument, has been widely used in field campaigns for over a decade (Chou et al., 2011; Para-

monov et al., 2020). Originally built for airborne deployments, it features a compact design with a main chamber (568 mm in125

length) and a 230 mm evaporation section. It is effective for ambient INP measurements, but has limitations in terms of cooling

power, wall temperature control, and laminar flow stability. Its operation typically involves fixed temperature and humidity

conditions that target mixed-phase cloud scenarios. During HyICE-2018 PINC was operated from 19 February to 2 April at a

fixed sample lamina temperature Tl =−31◦C and a relative humidity with respect to water RHw = 105%. PINC utilized a 1 L

min−1 dried (RH≤ 30%) sample flow with an inline cyclone impactor used to eliminate sampling particles larger than 2.5 µm.130

PINC measurements from HyICE-2018 are presented in detail in Paramonov et al. (2020).

PINCii was originally designed and built based on upgrading PINC (Castarède et al., 2023), utilizing knowledge gained from

more than a decade of experimental use (Stetzer et al., 2008; Chou et al., 2011; Kanji et al., 2013, 2019), and thus significantly

enhancing the PINC design and capabilities. PINCii is fully described in Castarède et al. (2023). It has a much larger chamber,

approximately twice the length(s) in both the main (1000 mm) and the evaporation (440 mm) sections, which provides extended135

residence time for aerosol particles and ice nucleation and crystal growth. These longer sections, and thus increased growth

time, improve the counting statistics and the instrument resolution. PINCii incorporates a pre-cooled sheath air system, as

well as an enhanced wall temperature control and monitoring, with dense thermocouple arrays and a sophisticated cooling

system that allows cooling to ≈ -67 °C. PINCii also introduces improved methods for analyzing thermodynamic conditions

by accounting for wall inhomogeneities and ice layer thickness, increasing the accuracy of RH and temperature estimations.140

During HyICE-2018, PINCii also utilized a dried sample aerosol flow of 1 L min−1 (measuring from 22 April to 10 June) with

aerosol lamina temperature Tl =−32◦C and RHw = 105% and a 2.5 µm cyclone impactor.

Both PINC and PINCii operate with the same measurement cycle: a 5-minute background (particle-free) period followed

by a 15-minute ambient sampling period, cycling continuously. Each INP concentration value is derived from the ambient-

period particle count minus the interpolated background, yielding one data point every 20 minutes. At a sample flow rate145

of 1 L min−1, the 15 L sample volume per data point is sufficient for statistically meaningful INP counts even at the low

concentrations observed during winter (<1 L−1). Instrumental constraints and availability made it impossible for PINC and

PINCii to operate simultaneously during HyICE-2018. However, their operation in succession means that for the bulk of the

campaign there exists high-frequency data coverage, which appears self-consistent. An instrument comparison summary is

available within the campaign Measurement Report (Brasseur et al., 2022), where the inconsistencies with another parallel-150

plate CFDC chamber, SPectrometer for Ice Nuclei (SPIN), make plain its absence here. The comparison showed that PINC

and PINCii agree within a factor of two during the overlapping measurement period, with both instruments capturing the

same general trends in INP concentrations; minor differences in absolute concentration are attributable to the 1 K difference in

operating temperature (Tl =−31◦C for PINC, −32◦C for PINCii) and instrument-specific detection efficiencies.
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3 Results and Discussion155

3.1 INP and other monitored variables

The time series of INP concentrations measured by PINC and PINCii each with a 15-minute ambient sampling window (one

data point every 20 minutes) (Brasseur et al., 2022) is presented in Fig. 1(a). INP concentrations were measured at Tl =−31°C

(PINC) and Tl =−32°C (PINCii). Each point represents a 15-minute ambient sampling period (with 5-minute background

periods before and after, yielding one data point every 20 minutes) with a subtracted background interpolated from particle160

free measurements before and after the sampling periods. Between instruments and across the entire campaign period no

significant differences in the absolute concentrations and spread of measurements are noted. However, by visual inspection of

Fig. 1(a), the PINCii spring and early summer time series appears somewhat more spread on the logarithmic concentration axis

than the PINC winter series, consistent with seasonal changes in aerosol sources and meteorology; we do not report distribution

fits or geometric moments here because PINC and PINCii did not operate simultaneously, so we restrict the comparison to this165

qualitative description.

Also depicted in Fig. 1 are the time series of several other key monitored variables. Some, like temperature (Fig. 1 (b))

and snow depth (Fig. 1 (b), gray trace) reflect the seasonal change from winter to spring and summer, while others are quite

commonly associated with INP abundance (e.g., particle number concentrations, Fig. 1 (c)). Given that previously published

results from daily and/or multi-day samples have demonstrated seasonal variability for Hyytiälä INP and linked observed170

trends with biogenic emissions (Schneider et al., 2021; Proske et al., 2025), the time evolution of aerosol mass fractions are

also plotted (Fig. 1 (e)). The most notable change in that time series is the increasing organic aerosol fraction with the change

in season from winter to summer.

Finally, the time series of sub-micron particles (Fig. 1 (f)), clearly exhibits the characteristic “banana” curves, indicative of

new particle formation, that Hyytiälä is well-known for (Dal Maso et al., 2005; Kulmala et al., 2013). New particle formation175

events are relevant here because freshly nucleated particles can grow into the INP-relevant size range during sustained growth

episodes, potentially contributing to the INP-active aerosol population.

3.2 Machine Learning

The seasonal progression visible in Fig. 1—the transition in temperature and snow depth, the spring/summer increase in fluo-

rescent biological particles, the shift in aerosol chemical composition (increasing organic fraction, panel e), and the apparent180

co-variability of INP with these tracers—motivates a more objective evaluation of how INP variability relates to the broader set

of concurrently measured parameters. Given the large number of variables and their inherent covariance, simple visual or pair-

wise analyses are insufficient to robustly rank their relevance. Therefore we apply statistical and machine-assisted approaches

to explore reducing the feature space and to identify consistent associations with INP concentrations.

The variables presented in Fig. 1 are a small subset of the total 509 recorded variables that were investigated within this185

study. Of those 509 sampled variables the previously outlined first-pass dimensional reduction left 84 variables. The remaining

84 parameters were further interrogated using several machine-supported analysis techniques, including random forest models
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Figure 1. Time series of atmospheric, aerosol, and INP properties measured during the HyICE-2018 campaign at the SMEAR II station in

Hyytiälä, Finland (19 February–10 June 2018). (a) INP concentrations measured by the Portable Ice Nucleation Chamber (PINC; circles)

and its updated version, PINCii (circles, differentiated by colour), shown on a logarithmic scale. INP concentrations were measured at

Tl =−31◦C (PINC; blue) and Tl =−32◦C (PINCii; red). (b) Air temperature (coral, left axis) and snow depth (grey, right axis), illustrating

the transition from winter through spring to summer. (c) Number Concentration (#/cm3) of particles with diameters >0.5 µm (grey) and

fluorescent biological aerosol particles (>0.5 µm, green); WIBS fluorescence data begin on 11 March 2018, when the instrument was

first deployed. (d) Total particle mass concentration for particles with d < 1µm measured with an Aerosol Mass Spectrometer (AMS). (e)

Mass fractions of AMS-measured chemical components (colours follow AMS convention): chloride (purple), ammonia (yellow), sulfate

(red), nitrate (blue), and organics (green). (f) Particle number size distributions (PNSD) measured with a Differential Mobility Particle Sizer

(DMPS), with color indicating dN/dlogDp. Together, the panels capture seasonal changes, aerosol chemical and physical characteristics, and

the variability in INP abundance across the intensive campaign period.
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(Fig. 2), along with pairwise correlation, decision tree, principal component, and K-means clustering analyses. While it was dif-

ficult to extract quantitative results in all cases, to quantify the random-seed sensitivity of the random-forest feature importance

we ran the analysis with 50 independent random seeds (1 . . . 50). Figure 2 reports the per-variable median importance with190

5–95th percentile whiskers across seeds; the top-ranked variables discussed below remain in the top group across all seeds. A

formal multi-method comparison (e.g., side-by-side feature rankings from random forest, decision tree, and PCA) is not shown

but was verified by the authors during analysis; these approaches consistently highlighted similar top-ranking variables.

The feature importance rankings from random forest models (e.g., Fig. 2) consistently assign high importance to variables

that are known to be strongly correlated with INP concentration. For example, biological particles that yield a fluorescence195

signal serve as a tracer for primary biological aerosol, which may include INP-active species, and are among the most studied

INP types in forest environments (Murray et al., 2012; Morris et al., 2014; Proske et al., 2025). The connection(s) between

other highly ranked quantities that emerge and INP are sometimes less clear, but suggest closer investigation. Several other

highly ranked variables (e.g., acetone, methanol concentrations) are not examined individually because they largely co-vary

with the selected predictors (particularly nitrate) and thus provide redundant information for the purposes of this exploratory200

analysis. A systematic investigation of all high-ranking but unexpected variables is an important avenue for future work.

In Fig. 3 six variables are selected to illustrate their pairwise correlation with INP. The six variables were selected on two

complementary grounds: (i) high importance rank in the random forest analysis (fluorescent particles, black carbon, nitrate,

particle mass); and (ii) established physical or empirical connection to INP in prior literature or at this specific site (>0.5 µm

concentration per DeMott et al. 2010; Tobo et al. 2013; organic aerosol mass per the biogenic seasonality documented by205

Schneider et al. 2021). For example, in Fig. 3 fluorescence and nitrate are more closely examined, but acetone and methanol,

which largely co-vary with nitrate, are not. Ice nucleation has a documented dependence on particle size that emerges in many

parameterizations (DeMott et al., 2015; Tobo et al., 2019), and combined with mass accounts for volume. Indeed, nitrate

and acetone concentrations correlate positively with total aerosol mass during the PINCii spring/summer period (r ≈ 0.5–0.6),

suggesting that their association with INP may partly reflect the total aerosol burden rather than a specific chemical mechanism.210

Several indicators of black carbon (BC) are surprisingly highly ranked, given many INP studies suggest weak ice activity for

BC (Mahrt et al., 2020a; Testa et al., 2024). Notably, Paramonov et al. (2020) also reported a positive correlation between

BC and INP concentrations at short timescales during the HyICE-2018 campaign at the same site (their Fig. 5), independently

supporting this finding. Possible mechanisms include enhancement of BC’s ice-nucleating ability through atmospheric aging,

oxidation, and coating with organic material (DeMott, 1990; Mahrt et al., 2020b, a). Finally, because of Hyytialla’s well215

documented legacy in organic aerosol measurements and new particle formation (Kulmala et al., 2013), organics are added as

a variable of interest.

In Fig. 3 measured INP is plotted on the vertical axis. In the upper panels variables with previously established linkages to

INP are plotted on the horizontal axes (fluorescent biological aerosol particles from the WIBS; total particle mass from the

AMS; >0.5 µm number concentration from the APS). In addition to fluorescent biological aerosol particles (WIBS), particle220

number concentrations for particles larger than 0.5 µm (APS) are plotted. Particle concentrations of this size appear in several,

widely used, INP parameterization schemes (Tobo et al., 2013; DeMott et al., 2015). Particle mass concentration, again largely
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Figure 2. Feature importance analysis derived from a Random Forest model trained to predict ice-nucleating particle (INP) concentrations

during the HyICE-2018 campaign at SMEAR II. Variables are shown in decreasing order of random-forest importance. The six highest-

ranked variables in this panel are nitrate aerosol mass concentration (AMS), 250–1000 nm particle number concentration (DMPS), fluorescent

biological aerosol particle concentration (WIBS), acetone gas-phase concentration (PTR-TOF), CCN concentration at 0.1% supersaturation,

and the back-trajectory-derived time over land (ToL). Fluorescent particle concentration and nitrate aerosol mass are subsequently examined

in pairwise correlation in Fig. 3 alongside particle mass (AMS), >0.5 µm number concentration (APS), organic mass (AMS), and black

carbon mass (aethalometer)—variables drawn from a separate aerosol-only feature set and therefore not part of the random-forest input

shown here (selection criteria in Sect. 2.2). The bars show the relative importance of each variable, expressed in arbitrary units. Higher

values indicate a stronger statistical association with INP concentrations, although this does not necessarily imply a causal relationship. For

WIBS, ABC denotes particles that fluoresce above the detection threshold in three WIBS fluorescence channels; further details are given

in Savage et al. (2017). Only the top-ranked variables (by median random-forest importance across 50 seeds) are shown for legibility; the

full ranked list and per-seed importance scores are archived with the analysis code (see Code availability). Short names on the y-axis are

SMEAR-II identifiers paired with their spelled-out long names and units; see https://smear.avaa.csc.fi for the full SMEAR

variable registry.
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a proxy for the number of large particles present in the aerosol, is plotted in Fig. 3(b). In the bottom panels several highly-ranked

variables that constrain aerosol chemistry are plotted. For all of these cases, the organic mass concentration (Fig. 3(d)), nitrate

mass concentration (Fig. 3(e)), and black carbon mass concentration (Fig. 3(f)) (all three from the AMS except BC, which is225

from the aethalometer), the direct correlation is as good or better than what is demonstrated in the upper panels for variables

with previously established links to ice activity. Data for PINC and PINCii are shown separately because the two instruments

operated in different seasons (winter vs. spring/summer) with distinct ambient aerosol and INP characteristics; combining

them would conflate seasonal differences and obscure the key finding: the observed correlations are specific to the PINCii

spring/summer subset and do not hold generally across the full campaign (the PINC winter data show no meaningful correlation230

with any of the examined predictors). The Pearson correlation coefficients were calculated from the raw (untransformed) data;

the log–log axes are used for visualisation only to accommodate the wide dynamic range of the measurements. Using 20-

minute data instead of hourly means yields qualitatively similar results, suggesting that the dominant co-varying processes

operate on timescales exceeding 20 minutes (diurnal or synoptic scale) rather than at sub-hourly variability. This subset-

specific character of the correlations has broader implications for campaign-based INP correlations reported in the literature:235

INP–aerosol correlations derived from short, season-specific field campaigns are conditioned on the ambient regime of the

measurement period and should be interpreted with caution when generalised to other seasons, sites, or ecosystems.

While the individual learning algorithms that were tested were consistent and succeeded in bringing to light several variables

that also exhibit strong pairwise correlation with INP, they identify statistical associations between predictor variables and INP

concentrations but cannot establish causal relationships. This is perhaps unsurprising, as taken wholistically the highly ranked240

variables simply suggest that more dirty, mixed aerosol with higher particulate concentrations is more likely to contain INPs.

The correlations likely reflect co-varying air-mass properties rather than direct INP composition: INPs are a vanishingly small

fraction of the total aerosol (∼1 in 106), and without single-particle analysis of ice crystal residuals, the identity of the actual

ice-nucleating species remains undetermined (Paramonov et al., 2020). Similar observations have been made previously in

several diverse ecosystems, from the subtropical marine boundary layer (Welti et al., 2018), to ocean basins (Welti et al.,245

2020), and globally distributed land-based samples ranging from Arctic to equatorial latitudes (Schrod et al., 2020). In those

studies it has been noted that INP concentrations measured remotely from strong sources, often exhibit log-normal frequency

distributions (Fig. 4(a)). This observation is directly analogous to random mixing (dilution) of trace pollutant species, (Ott,

1990) and suggests that the dominant INP signal originates from long-range transport of well-mixed aerosol. Log-normal

concentration distributions arise naturally from the multiplicative dilution and mixing of aerosol during atmospheric transport250

(Ott, 1990), consistent with INPs at this site originating from diverse, distant sources. This interpretation aligns with the

findings of Paramonov et al. (2020), who hypothesised long-range transport as the dominant INP source at SMEAR II based on

the same PINC dataset. Lagrangian back trajectories or dispersion models (e.g., HYbrid Single-Particle Lagrangian Integrated

Trajectory (HYSPLIT; Stein et al. 2015) and the FLEXible PARTicle dispersion model (FLEXPART; Pisso et al. 2019)) can

contextualise air-mass history and are often used together with chemical tracers or receptor modelling to assess long-range255

transport, but they do not by themselves uniquely verify INP provenance or the dilution interpretation above: trajectory errors,

mixing along the path, and the lack of INP-specific tagging in kinematic histories mean that such analyses complement—
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Figure 3. Log–log scatter plots showing correlations between ice-nucleating particle (INP) concentrations measured by PINC (blue) and

PINCii (red) during HyICE-2018 and six selected aerosol parameters measured at SMEAR II, Hyytiälä, Finland: (a) fluorescent particle

number concentration (WIBS), (b) particle mass (1 nm–10 µm aerodynamic diameter, AMS), (c) number concentration of particles with

diameters >0.5 µm (APS), (d) organic aerosol mass concentration (AMS), (e) nitrate aerosol mass concentration (AMS), and (f) black

carbon mass concentration (aethalometer). Asterisks (*) denote statistically significant correlations (p < 0.05). Pearson coefficients were

calculated from the raw (untransformed) data; the log–log axes are for visualisation only. Hourly means, computed for each full hour

when both variables were above zero, were used to align with the coarser temporal resolution of some complementary datasets; while

using 20-minute data yielded qualitatively similar results (see text). N values in each panel indicate the number of PINC and PINCii data

points, respectively. Data are plotted separately for PINC and PINCii to highlight similarities and differences in observed relationships,

and to illustrate potential links between INP abundance and aerosol chemical or physical properties. PINC data (blue) correspond to winter

measurements (19 February–2 April); PINCii data (red) to spring/summer (22 April–10 June).

rather than uniquely test—inferences from local correlations and distribution shape. We highlight combined trajectory–tracer

or trajectory–receptor studies as a priority for future work. In Fig. 4 the relative frequency distributions of INP concentrations

measured with PINC(blue) and PINCii(red) are plotted with unimodal (a) and bimodal (b) fitted curves. From the χ2 statistics260

(using raw bin counts; see caption), the formal tests reject the simple unimodal log-normal null at conventional significance

for both PINCii (χ2 = 81.98, p= 0.001) and PINC (χ2 = 157.19, p < 0.001). Nevertheless, the histograms are broadly similar

in shape and scale, so log-normality remains a useful approximate description of the bulk distribution. A modest elevated tail
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in the PINCii histogram motivates the bimodal decomposition in Fig. 4(b): for PINCii, χ2 decreases to 63.54 (p= 0.028),

whereas for PINC the bimodal fit does not improve overall agreement (χ2 = 242.72, p < 0.001). We therefore do not interpret265

the PINCii tail as evidence for a statistically robust separate population at the 5% level, and we caution that the χ2 values

indicate residual structure beyond ideal unimodal log-normal behaviour for both instruments.
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Figure 4. Normalized relative frequency distributions for INP concentrations measured by PINC and PINCii during the HyICE-2018 cam-

paign, along with fitted log-normal probability density functions. (a) Unimodal log-normal fits to each instrument’s INP histogram, with fit

parameters evaluated using maximum likelihood estimation and goodness-of-fit assessed via χ2 statistics. (b) Bimodal log-normal fits decom-

posed into two component modes, illustrating potential multi-population structure in the INP size/activation spectrum. The χ2 goodness-of-fit

test uses raw bin counts as observed frequencies, with expected counts derived by integrating the fitted probability density over each bin and

scaling by total sample size N ; degrees of freedom are adjusted for the number of estimated parameters (ddof = 2 for unimodal; ddof = 5

for bimodal fits). The unimodal fits yield χ2 = 81.98 (p= 0.001) for PINCii and χ2 = 157.19 (p < 0.001) for PINC. The bimodal fits give

χ2 = 63.54 (p= 0.028) for PINCii and χ2 = 242.72 (p < 0.001) for PINC; χ2 decreases for PINCii relative to the unimodal case, but the

test still rejects the bimodal fit at the 5% level (p= 0.028), whereas the PINC bimodal model is not supported as an improvement over its

unimodal counterpart.
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3.3 Parameterization

If the dominant INP signal originates from long-range transport, local parameterisations based on co-located measurements

will have limited predictive power—a prediction directly borne out by the PINC winter results below. The modest success of270

the PINCii spring/summer parameterisations may then reflect a local biogenic INP contribution that augments the transported

background during the growing season.

The limited correlations identified in Sect. 3.2 suggest that existing parameterisations—which rely on variables such as

nAP>0.5µm that do not strongly correlate with INP in this dataset—are unlikely to reproduce the observed INP variability.

Testing them nonetheless serves two purposes: (i) it quantifies the parameterisation failure against a comprehensive boreal275

dataset, and (ii) it motivates the exploration of alternative local proxies in Sect. 3.3.2.

The qualitative connections that emerge between INP and aerosol characteristics (Fig. 3) from the machine learning algo-

rithms (Fig. 2), signal an opportunity to explore the parameterization space. We expect existing parameterizations to account

for the observed correlations related to aerosol particle abundance and biogenic origin (top panels Fig. 3). In contrast, the con-

nections to aerosol chemical composition (bottom panels Fig. 3) are less obvious and, in fact, despite considerable explorations280

of black carbon, it is typically observed to have limited ice activity (Thomson et al., 2018; Adams et al., 2020; Santos et al.,

2024), especially when it occurs as fresh soot. That said, there is some evidence that transport, oxidation, and aging enhance

soot’s ice activity (DeMott, 1990; Mahrt et al., 2020a, b).

3.3.1 Previous parameterizations

Although episodic long-range transport of high-latitude dust to Finland cannot be excluded a priori, we cross-referenced the285

PINC measurement window (19 February–2 April 2018) against the systematic Finnish Meteorological Institute catalog of

long-range dust transport events to Finland from 1980 to 2022 (86 documented events: 59 Saharan, 22 Aral-Caspian, 5 Middle

East; Meinander et al., 2023). No catalog event overlaps our campaign window. The nearest documented Saharan dust depo-

sitions over Finland are dated to 8–10 March 1991 (northern Finland) and 21–23 February 2021 (southern Finland); neither

falls within our measurement period. Although the FMI catalog does not explicitly enumerate Icelandic or Greenlandic glacial-290

outwash dust events, no major high-latitude glacial-dust outbreak affecting Northern Europe in spring 2018 has been reported

in the peer-reviewed literature. We therefore find no documented evidence that long-range dust transport materially contributed

to the winter INP signal observed by PINC, supporting our choice to compare measurements against the dust-independent

DeMott et al. (2010) formulation rather than the dust-aware DeMott et al. (2015) revision.

Several empirical parameterizations have been developed to predict INP concentrations as a function of temperature and295

aerosol properties. Among the most widely used are the formulations by DeMott et al. (2010) and Tobo et al. (2013), which

express INP number concentration (nINP ) as a function of cloud temperature T in degrees Kelvin and aerosol number con-

centration [scm−3] for particles larger than 0.5 µm (nAP>0.5µm), and were derived specifically from CFDC datasets. DeMott

et al. (2015) revised the 2010 parameterization for predicting INP concentrations to explicitly include mineral dust as a primary

source. However, since mineral dust likely represents a negligible component in our boreal study environment, where no local300
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mineral dust sources exist, although episodic long-range transport of high-latitude glacially sourced dust (e.g., Tobo et al. 2019;

Sanchez-Marroquin et al. 2020) cannot be excluded, we refer back to the 2010 formulation, which is:

nINP = a× (273.16−T )b × (nAP>0.5µm)(c(273.16−T )+d), (1)

where a= 0.0000594, b= 3.33, c= 0.0264, and d= 0.0033. The subsequent Tobo et al. (2013) parameterization follows a

similar power law formulation but was updated using primary biological aerosol particle measurements. It is also investigated305

because the work of Schneider et al. (2021), Vogel et al. (2024), and Proske et al. (2025), suggest a strong link between INP

and primary biological activity at SMEAR-II. The Tobo et al. (2013) parameterization is,

nINP = (nAP>0.5µm)(α(273.16−T )+β) exp(γ(273.16−T )+ δ), (2)

where α=−0.074, β = 3.8, γ = 0.414, and δ =−9.671 are suggested as coefficients. Note that both Eqs. (1) and (2) use the

total aerosol number concentration nAP>0.5µm as the predictor. Tobo et al. (2013) also provide a separate parameterisation310

based on fluorescent biological aerosol particle (FBAP) concentrations; that variant is not applied here. Further INP parame-

terizations have been developed from SMEAR-II-based immersion freezing measurements (Schneider et al., 2021; Brasseur

et al., 2024). However, the immersion freezing focus differs from the operating principle of CFDCs and is largely in a dif-

ferent, warmer temperature regime. Moreover, the Schneider et al. (2021) study sought to capture longer-term INP trends.

Thus, although the sampling of those studies was also located at and above SMEAR-II, it is not applied in our analysis of this315

high-frequency data.
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Figure 5. Predicted INP concentrations from (a) DeMott et al. (2010) and (b) Tobo et al. (2013) parameterizations plotted versus the

INP concentrations measured using the PINC(blue) and PINCii(red) CFDCs. The 1:1 line is plotted and R2 values corresponding to the

coefficient(s) of determination for each fit are given within the legend. Negative R2 values indicate that the parameterizations provide no

more predictive strength than the arithmetic mean value.

In Fig. 5 the INP predicted from these models is compared to the PINC (blue) and PINCii (red) measurements and the

coefficient of determination (R2) is used to quantify how well the models explain the observed variability. In all cases the R2

has nonintuitive negative values, which can occur when fitting non-linear functions and indicates that the model predictions are

less accurate than simply applying the observational mean as a predictor (i.e., a horizontal line at the mean value). Thus, both320

model formulations perform poorly when applied to the HyICE-2018, PINC and PINCii data, indicating that these existing

parameterizations do not capture the observed boreal-specific INP variability (Fig. 5). Specifically, the DeMott et al. (2010)

underprediction is consistent with the intercomparison findings of Brasseur et al. (2022), whereas the poor performance of

Tobo et al. (2013) over the full campaign contrasts with its relatively better performance during their four targeted intercom-

parison days.. The better performance noted by Brasseur et al. (2022) (their Fig. 8 time series, and the consolidated 28 March325

inter-instrument spectrum summary in their Fig. 11) reflects a focused comparison over four targeted intercomparison days that

are not representative of the full seasonal range covered here; Brasseur et al. (2022) themselves caution that their comparison
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“might not be representative of the entire HyICE-2018 campaign.” Direct comparison between CFDC-based and bulk immer-

sion freezing assay results is not straightforward because CFDCs primarily activate condensation and deposition freezing on a

timescale of seconds, whereas bulk immersion assays (such as INSEKT, used to derive the Schneider et al. 2021 and Brasseur330

et al. 2024 parameterisations) probe a different nucleation pathway over longer timescales.

3.3.2 New parameterizations for boreal conditions

Although previously described parameterizations do not adequately capture the observed variability, they suggest the explo-

ration of simple empirical power-law fitting between nINP and aerosol and chemical tracers that have been highly ranked by

the machine learning algorithms. We seek to determine whether such an approach can elucidate potential local INP proxies.335

We utilize a highly simplified, generic power law relationship,

nINP = i×Xj , (3)

where X is used to represent variables such as those in Fig. 3 and i and j are fitting parameters. The coefficients that result from

fitting (3) and adjusted R2 values are summarized in Table 1. The exponent j reflects the sensitivity of INP concentration to

changes in the predictor: values near unity indicate approximately linear relationships (>0.5 µm number: j = 1.13; BC mass:340

j = 1.03), values well below unity suggest weak sensitivity (organic mass: j = 0.56), and near-zero or negative values indicate

absence of a meaningful relationship (all PINC predictors). The pre-factor i sets the absolute scale and is influenced by the

ambient INP concentration range during the respective measurement period. The consistently low or negative adjusted R2 for

PINC confirms the absence of predictive skill during the winter period, regardless of the predictor chosen.

The persistent overprediction by Tobo et al. (2013) for PINCii reflects two site-specific factors: (i) at Hyytiälä, frequent345

NPF events grow secondary organic aerosol into the >0.5 µm size range (Dal Maso et al., 2005; Kulmala et al., 2013),

inflating nAP>0.5µm without a commensurate increase in biological INPs, whereas the parameterisation was calibrated at a

North American temperate forest where large particles are predominantly primary biological aerosol; and (ii) the sub-Arctic

boreal spring supports lower primary biological aerosol emission than the temperate calibration environment, further reducing

the fraction of large particles that are ice-active at these temperatures.350

The best-performing relationships are obtained for the PINCii dataset, with nitrate mass and WIBS fluorescence both yield-

ing moderate predictive skill (Fig. 6). This suggests that INP abundance in the boreal boundary layer is more closely linked

to chemically complex and biologically active aerosols than to bulk particle number alone. However, the PINC measurements,

collected during the snow-covered (Fig. 1) winter season, yield near-constant predicted INP concentrations because the fitted

exponents (j in Eq. 3) are near zero for all PINC predictors (Table 1), meaning the predicted values collapse to approximately355

the pre-factor i regardless of predictor variability. While the total variability of the PINC data largely spans the PINCii data,

the muted response to all predictors, mimics the Fig. 5 results, and no model seems to improve prediction beyond the mean

PINC value.
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Table 1. Regression coefficients and adjusted R2 values calculated for different predictors based on the simplified power law relationship

(Eq. 3). The presented predictors were selected based on their high importance ranking in the random forest analysis and established physical

or empirical connections to INP in prior literature (see Sect. 3.2) (§3.2).

Predictor (X) Instrument i j Adjusted R2

Fluorescent particle PINC 36.22 −0.05 −0.02

Fluorescent particle PINCii 140.51 0.79 0.50

Particle mass PINC 30.24 −0.10 −0.01

Particle mass PINCii 18.50 0.86 0.43

>0.5 µm number concentration PINC 35.75 −0.21 0.01

>0.5 µm number concentration PINCii 20.88 1.13 0.39

Organic aerosol mass PINC 34.86 0.00 −0.01

Organic aerosol mass PINCii 27.66 0.56 0.37

Nitrate aerosol mass PINC 36.22 −0.05 −0.02

Nitrate aerosol mass PINCii 140.51 0.79 0.50

Black carbon mass PINC 39.92 0.03 −0.02

Black carbon mass PINCii 274.50 1.03 0.57

4 Conclusions

Here we have attempted to deepen our understanding of the sources, abundance, and variability of INP in the boreal environ-360

ment. A major objective of the HyICE-2018 campaign was to utilize high-frequency INP measurements, co-located with the

over 500 time-resolved monitoring measurements at SMEAR-II, to illuminate INP characteristics in more detail. The results

are mixed. Using CFDCs, we capture higher frequency INP variability, with as short as 20 minute time increments. However,

the observed INP concentrations show statistically detectable but weak associations with other measured variables, insufficient

for reliable prediction, and no single parameter emerges that is strongly linked to INP.365

One qualitatively strong connection, is that aerosol bulk chemical composition parameters (e.g., nitrate, acetone) are consis-

tently highly ranked predictor variables. The origin of the connection is unclear, and it may simply be a connection between

total aerosol burden and INP abundance. Other, previously established connections, for example, with large particles and with

biogenic particles, also exhibit highly ranked importance. However, even these features do not have the strength to suggest

cause and effect.370

There are distinct differences between measurements in the winter and spring/summer seasons. The winter measurements

made with PINC appear to be nearly independent of any monitored variable, and rather appear to reflect INP concentrations

driven by processes external to the measurement site—most plausibly long-range transport from diverse, distant sources, as

indicated by the log-normal concentration distribution (Fig. 4) and the absence of local predictor correlations. This potentially

suggests that in southern Finland, winter INP largely originate from long range transport, and are reflective of the mixing and375

dilution of INP from many sources. The spring/summer measurements conducted with PINCii appear to be more linked to, and
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Figure 6. Comparison between measured and parameterized ice-nucleating particle (INP) concentrations for six empirical fits using (a)

fluorescent particle number concentration, (b) particle mass (1 nm–10 µm), (c) number concentration of particles with diameters >0.5 µm,

(d) organic aerosol mass, (e) nitrate aerosol mass, and (f) black carbon mass. Each panel shows PINC (blue) and PINCii (red) data from the

HyICE-2018 campaign. The 1:1 dashed lines indicate agreement between the measured INP and the simplified power law parameterizations

for both data sets. The adjusted coefficients of determination (adjusted R2) are given in Table 1. Moderate skill was obtained for the WIBS-

and NO3-based parameterizations (adjusted R2 ≈ 0.5 for PINCii), suggesting that biologically and chemically enriched aerosol components

contribute to INP variability in the boreal atmosphere during spring and early summer.

respond to, the ambient aerosol properties. This is consistent with previous work with longer-term averages (Schneider et al.,

2021) that showed that in 2018 at SMEAR-II the INP concentrations increased as spring arrived and the ecosystem awoke.

That said more work and longer-term high frequency measurements would be needed to close the loop and to examine whether

there is consistency between seasonal trends and high resolution measurements.380

The weak correlations observed in this study, combined with the log-normal INP concentration distributions consistent with

random dilution of trace species, suggest that INP at this boreal site are dominated by long-range transport from diverse,

distant sources. In such a regime, no local measurement suite—however comprehensive—can be expected to yield strong,

causal predictor–INP relationships, because the INP identity and source vary stochastically with air-mass origin. This inter-

pretation is independently supported by Paramonov et al. (2020), who reached a similar conclusion using the same PINC385

dataset at the same site. We therefore propose that future campaigns should complement high-frequency INP measurements
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with source-apportionment tools (e.g., back-trajectory analysis, receptor modelling) to evaluate consistency with the long-range

transport hypothesis and to constrain the geographic origins and aerosol types that plausibly contribute to the INP population—

recognising that trajectory-based tools alone cannot uniquely verify INP provenance without tracer or receptor constraints. The

question “why can’t we predict INP from local measurements?” is itself a scientifically valuable finding: it constrains the prob-390

lem space and guides the field toward approaches that account for air-mass history rather than relying solely on local co-located

tracers.

Given the rarefied nature and high spatial and temporal variability of INP, one underlying conclusion of this study is that, even

with vast amounts of complementary data, drawing strong conclusions that can illuminate causality will likely remain illusive.

Rather than simply calling for more of the same local measurements, we suggest that future long-term studies at heavily-395

equipped complementary stations—for example, the ACTRIS cloud in-situ (CCice) effort and the instrument co-location it

enables—should pair high-frequency INP measurements with source-apportionment tools (back-trajectory analysis, receptor

modelling, and, where available, single-particle ice-residual analysis), so that the air-mass history behind each measurement is

explicitly accounted for. Such an effort could significantly enhance future mobile measurements, where investigators typically

have limited scope and resources to choose the “important” complementary measurements.400
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