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Abstract. Missing values are ubiquitous in atmospheric monitoring due to instrument drift, calibration cycles, operational

interruptions, and other random malfunctions. Such gaps can undermine the reliability of subsequent analyses and introduce

systematic biases. Conventional imputation methods, such as
::::::::
geometric

::::
mean

::::::::::
imputation, K-nearest neighbor (KNN), Bayesian

principal component analysis (BPCA), and deep learning architectures, rely primarily on statistical correlations, requiring aux-

iliary inputs, and offer limited physical interpretability. To address this issue, we propose a novel source–receptor informed5

Positive Matrix Factorization Reconstruction (PMFr) method that leverages PMF-derived source–receptor relationships, rather

than purely statistical interpolation, to impute missing PM2.5 speciation data without requiring auxiliary data. Benchmarking

against commonly used imputation techniques,
::::::::
including

:
KNN, BPCA, and

:
a
:
deep learning predictive model demonstrates that

PMFr achieves superior accuracy and robustness under all real-world missing scenarios, with a mean coefficient of determina-

tion (R2) of 0.81, index of agreement (IoA) of 0.92, and mean absolute percentage error (MAPE) of 22.8%, reducing MAPE10

by 25.5–29.1%, particularly for key PM2.5 species, highlighting its potential .
:::::::
Further

::::
PMF

:::::::::
validation

:::::
shows

:::
that

::::::
PMFr

:::::
better

::::::::
preserves

:::::::::::
source-profile

:::::::::::
composition

:::
and

::::::::::::::::
source-contribution

::::::::
temporal

::::::::
features,

::::::::
indicating

::::
that

:::
the

:::::::::
completed

::::::
dataset

::::::
retains

::::
more

:::::::::
physically

::::::::::
meaningful

:::::
source

::::::::::
information

::::
and

::
is

::::
more

:::::::
suitable

:::
for

::::::
source

:::::::::::::
apportionment.

:::::
These

::::::
results

:::::::
highlight

::::::
PMFr

as a robust
:::
and

:::::::::
physically

::::::::::
interpretable

:
tool for recovering reliable data in air quality studies

:::::
PM2.5::::::::

speciation
::::
data.

1 Introduction15

Ambient fine particulate matter (PM2.5) remains a pressing global environmental challenge due to its well-documented im-

pacts on climate forcing, atmospheric visibility degradation, and adverse health outcomes
:
(Liu and Matsui, 2021; Peng et al.,

2023; Hao et al., 2023; Kim et al., 2025b). These effects are governed by the chemically diverse nature of PM2.5, which com-

prises inorganic ions, carbonaceous materials, trace metals, and other species. Comprehensive PM2.5 speciation measurements

are therefore fundamental for tracking source contributions, elucidating atmospheric processes, and evaluating their diverse20

impacts. However, missing data are ubiquitous in both routine monitoring networks and intensive field campaigns due to in-
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strument drift, calibration cycles, operational interruptions, and other random malfunctions
:
(Yu et al., 2017). Such gaps can

undermine the reliability of subsequent analyses and introduce systematic biases. Consequently, accurate and robust imputa-

tion of missing values is essential, as inappropriate handling of missing data can lead to distorted interpretations and erroneous

scientific conclusions.25

A wide range of methods have been developed to address missing values in PM2.5 chemical component datasets, generally

falling into listwise deletion, simple substitutions, and advanced statistical models (Alwateer et al., 2024). Basic approaches

such as listwise deletion and mean or median substitution, although recommended in the U.S. EPA’s guidelines for their sim-

plicity
:
(Hopke, 2000), often compromise data quality: listwise deletion discards samples containing any missing species and

substantially reduces statistical power, whereas median or mean substitution introduces bias that becomes more pronounced30

as data variability increases (Emmanuel et al., 2021; Polissar et al., 1998; Khan and Hoque, 2020). Linear interpolation is

also frequently applied because of its ease of implementation, yet its performance is highly sensitive to the temporal pattern

and extent of missingness (Samal et al., 2021; Junninen et al., 2004). To better capture inter-species correlations and nonlin-

ear dependencies, more advanced techniques, including K-nearest neighbors (KNN), Bayesian principal component analysis

(BPCA), and deep learning architectures such as deep belief networks (DBN), have been explored and often outperform sim-35

pler methods (Lee et al., 2023; Lai and Kuok, 2019; Zaini et al., 2022; Xie, 2017; Shen et al., 2018). Nevertheless, these

statistical and machine-learning approaches typically rely on mathematical interpolation, may require auxiliary inputs such as

meteorological variables or satellite-derived AOD, and offer limited physical interpretability
:
(van Donkelaar et al., 2019; Lee

et al., 2024; Hu et al., 2014; Kim et al., 2024, 2025a). As a result, accurately reconstructing missing PM2.5 chemical species

remains a methodological challenge.40

To address these limitations, we develop a physically interpretable imputation method grounded in source–receptor principles

to reconstruct missing PM2.5 chemical species. Source contributions and profiles are first resolved from pre-existing speciation

data using Positive Matrix Factorization (PMF), which decomposes the dataset into a source chemical profile matrix and its

corresponding contribution matrix. Under the commonly assumed temporal stability of source chemical compositions, the re-

solved profiles are then used to reproduce new PM2.5 speciation datasets containing missing species by multipling
::::::::::
multiplying45

the estimated source-specific PM2.5 mass
::
by

:::
the

::::::::
resolved

::::::
source

::::::
profiles, enabling estimation of missing values based on

physically meaningful source signatures. This approach ensures that reconstructed concentrations align with both chemical

structure and emission characteristics rather than relying solely on mathematical interpolation. To evaluate performance, we

generated artificial missing data in complete-speciation datasets; the proposed method was then compared against
::::::::
geometric

mean substitution, linear interpolation, K-nearest neighbors (KNN), deep belief networks (DBN), and Bayesian principal com-50

ponent analysis (BPCA). Results highlight
:::
The

:::::::
datasets

:::::::::
completed

::
by

::::
each

:::::::::
imputation

:::::::
method

::::
were

:::::::::::
subsequently

::::
used

::
as

:::::
PMF

:::::
inputs

::
to

:::::
assess

::::
how

::::::::
different

:::::::::
imputation

::::::::
strategies

::::::::
influence

::::::::::
downstream

::::::
source

::::::::::::
apportionment

::::::
results.

::::
This

:::::
study

:::::::::
highlights

the potential of a source-informed strategy for robust and interpretable imputation,
:::
as

:::
well

:::
as

::
for

:::::::::
generating

:::::::::
completed

:::::::
datasets

::::::
suitable

:::
for

:::::::::
subsequent

::::::
source

::::::::::::
apportionment.
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2 Material and Methods55

2.1 Sample Collection and Data Processing

Hourly PM2.5 speciation data were collected on the rooftop of the Nanjing Environmental Protection Building (NEPB 118.75°E,

32.06°N). Water-soluble inorganic ions including NH+
4 , SO2�

4 , NO�
3 , Cl�, Ca2+, Mg2+, K+, and Na+ were determined by

MARGA (ADI 2080; Applikon Analytical B.V., Netherlands). Hourly OC and EC concentrations were measured using a semi-

continuous OC/EC analyzer (RT-4, Sunset laboratory Inc., USA) with the NIOSH method 5040 (Birch, 2002). An Xact 62560

ambient metals monitor (Cooper Environmental, United States) was configured to quantify twenty-three elements (K, Fe, Zn,

Ca, Si, Mn, Pb, Cu, Ti, As, V, Ba, Cr, Se, Ag, Cd, Ni, Au, Co, Sn, Sb, Tl, and Hg). Detailed information on the monitoring site,

instrument set up
:::::
setup and maintenance, and chemical analysis were provided by previous study

:
(Yu et al., 2019, 2020; Xie

et al., 2022).

The dataset used in this study comprises inorganic ions (NH+
4 , SO2�

4 , and NO�
3 ), trace elements (K, Fe, Zn, Ca, Si, Mn, Pb,65

Cu, Ti, As, V, Ba, Cr, and Se), and carbonaceous materials (OC and EC), which were measured from October 1, 2017, 1:00

AM (local time, GMT +8) to November 30, 2017, 11:00 PM, a period without any major pollution incidents
:
(Xie et al., 2022).

The summary for the missing of raw data can be seen in Table S1.

2.2 Missing Data Generation70

Four factors are considered to impact the efficiency of imputation method
:::::::
methods: the generating mechanism, the proportion

of missing data, the gap pattern of missing data (Junger and Ponce de Leon, 2015), and whether multiple species are miss-

ing simultaneously (MCMS) or independently (MCMI).
::::::::::
Specifically,

:::::::
MCMS

:::::
refers

::
to

:::
the

:::::::::::
simultaneous

:::::::
absence

::
of

::::::::
multiple

::::::
species

::
at

:
a
:::::
single

::::::::::
timestamp,

:::::
while

::::::
MCMI

::::::
denotes

:::::::
missing

::::::
values

::::::::
occurring

::::::::::::
independently

::
at

::::::
distinct

::::::::::
timestamps.

The mechanisms of missing value
::::::
values are typically classified into three categories

:
(Little and Rubin, 2019): i) missing com-75

pletely at random (MCAR), where missing values are generated independently, namely not relying on any
::::::::::
independent

::
of

::::
both

:::::::
observed

::::
and

::::::::::
unobserved values. ii) missing at random (MAR), where missing values have relationship with

::::::::::
missingness

::
is

:::::
related

:::
to observed data, and iii) missing not at random (MNAR), where missing values are related with

::
to

:
unobserved data

such as values below detection limitation
::
the

::::::::
detection

::::
limit

:
(BDL). Analysis of the NEPB dataset shows no systematic asso-

ciation between missing occurrences and pollutant concentration levels or temporal patterns, indicating that the missingness80

does not follow the MNAR mechanism (García-Laencina et al., 2010). Consequently, missing data were generated randomly

to ensure that the artificial missingness remained independent of pollutant concentrations.

The proportion of missing data is a critical factor affecting imputation performance. In this study, missingness rates of 10%,

15%, and 20% were imposed, matching the observed range of 10–20% in the NEPB dataset.

Gap pattern refers to the proportion of different gap lengths within the total missing data. Based on the summary of the missing85

data, the physical meaning and prior research(Plaia and Bondì, 2006; Betancourt et al., 2023; Jing et al., 2022; Richardson and Hollinger, 2007)

, categorizing the gap length
:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
(Plaia and Bondì, 2006; Betancourt et al., 2023; Jing et al., 2022; Richardson and Hollinger, 2007)
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:
,

:::
gap

::::::
lengths

:
(l) in differentcolumns

::::
were

:::::::::
categorized

:
into three types: i) short gaps, with l from 1 to 6; ii) medium gaps, with

lengths greater than 6 but less than 23; and iii) large gaps, l ranging from 23 to 115 consecutive values (one to �ve days), which

represents the longest gap observed in the raw dataset (Table S2).90

MCMS refersto the simultaneousabsenceof multiple speciesat a single timestamp,while MCMI denotesmissingvalues

occurringindependentlyacrosstime. In summary, missing data were generated according to the scenarios listed in Table 1.

These scenarios include: (i) random single-species missing that create short gaps in individual species (Case 1); (ii) instrument-

failure-induced missing that produce medium gaps across all species measured by a given instrument, affecting ionic (Case 2)

and carbonaceous (Case 3) monitors; and (iii) station-wide instrument malfunctions that result in large gaps spanning multiple95

species. These scenarios include malfunction of the ionic monitoring instrument (Case 4) and elemental monitoring instrument

(Case 5), concurrent malfunction of two instruments (Cases 6–8), and malfunction of all monitoring instruments (Case 9).

Potassium (K) wastreat
::::::
treated as missing in multi-instrument malfunction scenarios (Cases 6, 7 and 9) due to its strong corre-

lations with both ionic and carbonaceous species (Figure S1).Performanceof imputationmethodsarecomparedby indicators

including:
:::
The

:::::::::::
performance

::
of

:::
the

:::::::::
imputation

:::::::
methods

::::
was

::::::::
evaluated

:::::
using the coef�cient of determination (R2), and

:::
the mean100

absolute percentage error, and
:::::::
(MAPE),

::::
and

:::
the index of agreement (IoA)

::::
(Text

::::
S2).

Table 1. Description of different missing scenarios considered in this study.

Missing Scenario Case Missing Compositions Proportion (%) Missing Pattern Gap Length

Scenario#1: Random Single Species Missing 1
NH +

4 , SO2–
4 , NO –

3 , Ca, Fe, Si,

OC, EC
15 Missing Separately Short

Scenario#2: Instrument Failure Induced Missing
2 NH +

4 , SO2–
4 , NO –

3 10, 20 MCMS Medium

3 OC, EC 10, 20, 30 MCMS Medium

Scenario#3: Station-Wide Instrument Malfunctions

4 NH +
4 , NO –

3 10, 20 MCMS, MCMI Large

5 Fe, Ca, Si, Ti 10, 20 MCMS, MCMI Large

6 K, NH +
4 , NO –

3 10, 20 MCMS, MCMI Large

7 K, OC, EC 10, 20 MCMS, MCMI Large

8 NH +
4 , NO –

3 , OC, EC 10, 20 MCMS, MCMI Large

9 K, NH +
4 , NO –

3 , OC, EC 10, 20 MCMI Large

2.3 Source–Receptor
::::::::::::::
Source-Receptor Informed Positive Matrix Factorization Reconstruction (PMFr)

:::
and

:::::::::
Validation

A tracer for imputation(
:
,

:::::::
hereafter

:
referred to astracer)

:
a

:::::
tracer,

:
is de�ned as

:
a
:
key species that distinguishes a speci�c factor

from others and re�ects how that factor in�uences the receptor over time. Co-tracers refer toadditional
:::::::::
co-varying tracers within105

the same factorthat collectively characterize
:
,

::::::::::
collectively

::::::::::::
characterizing the temporal behavior of the corresponding source.

As illustrated in Figure??a
:
1, PMF is �rst applied to resolve factor pro�les and their contributions, providingsource–receptor

:::::::::::::
source–receptor relationships constrained by expert knowledge, given that pollution sources imprint distinct temporal patterns
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Figure 1. Source
:::
Flow

:::::
chart

::
of

:::::
source–ReceptorInformed

::::::
receptor

:::::::
informed Positive Matrix Factorization Reconstruction.a, Work�ow

of the proposed
:
(PMFrimputationframework

:
)

:::
and

::::::::
validation.b, Meanperformanceof the evaluatedimputationmethodsunderall cases.

c, Comparisonof PMF solvedsourcecontributionsobtainedfrom datasetsimputedusingdifferent methodswith thosederivedfrom the

non-missingdatasetunderCase2.

on the receptor. Details of the usage of PMF for SA can be found in the literatureandthe setsof uncertaintycanbe seen
:
,

:::
and

:::
the

::::::::::
uncertainty

::::::
settings

:::
are

::::::::
provided

:
in Text S3

:
(Hopke, 2016; Paatero, 1999; Paatero and Hopke, 2003). Based on the110

prior SA results with selected source pro�les,
::::::
species

::::::::
requiring

:::::::::
imputation

:::
are

::::::::
classi�ed

::
as

::::::
tracers

:::
or

:::::::::
non-tracers

:::::::
through

:
a

knowledge-driven step(Bi et al., 2019), thespeciesto beimputedcanbeclassi�edaseithertracersor non-tracers.For tracers,

missingvaluesrequiresto be�rstly imputedby
:::::::::::::
(Bi et al., 2019).

::::::
When

:::::::
imputing

:::::::
tracers,

:::
the

:::::::::
availability

::
of

:::::::::
co-tracers

::::::
should

::
be

:::::::
checked

::
at

::::
each

:::::::::
timestamp

::::::
before

:::::::::::::
reconstruction,

:::::::
because

:::
the

::::::
source

::::::::::
contribution

::::::
vector

:::
(G)

:::::
needs

:::
to

::
be

::::::::::
constrained

:::
by

::::::::::::
source-speci�c

:::::
tracer

::::::::::
information.

::
If

:::
all

:::::
tracers

:::::::::
associated

::::
with

::
a

::::::
speci�c

:::::
factor

:::
are

:::::::::::::
simultaneously

:::::::
missing,

:::
the

::::::::::::
corresponding115

::
G

:::::
vector

::
is

:::
less

:::::::
directly

::::::::::
constrained

::
by

::::::::
observed

:::::::
species;

::
in

::::
such

:::::
cases,

:::::
these

:::::::
missing

:::::
tracer

:::::
values

:::
are

::::
�rst

:::::::
imputed

:::::
using an-

other imputation method(
:
,
::::
with KNN recommended for its simplicityandef�ciency) andcorrespondent,

:::::::::
ef�ciency,

:::
and

::::::
ability

::
to

::::::
provide

::
a

:::::::::
reasonable

:::::::
estimate

::
of

::::::::
temporal

::::::::
variation.

:::
The

::::::::::::
corresponding

:
uncertainty is setas0.1astheir imputedvalue.For

tracerswith theexistenceof co-tracerand
::
to

::::
10%

::
of

:::
the

:::::::
imputed

::::::::::::
concentration.

:::
For

:::::::
missing

::::::
tracers

::::
with

::::::::
available

:::::::::
co-tracers,

::
as

::::
well

::
as

:::
for

:
non-tracers, missing values areimputedwith geometricmeanofcertainspeciesandcorrespondentuncertainty120

aresetas8 timesthe geometricmean.After dataprocessing,the datasetis divided into Fs andGs througha PMF run. The
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