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CAN THE WEATHER TELL WHICH DAYS IN ASTANA WILL BE
POLLUTED? CLASSIFYING PM2.5 EXCEEDANCE DAYS WITH MACHINE
LEARNING AND CHECKING THE DATA AGAINST A GROUND MONITOR

Abstract: Astana has long cold winters, and part of the city is still heated with coal. In
this study I asked whether weather data alone can show in advance on which days the daily
mean concentration of fine particles (PM2.5) in Astana will be above the World Health
Organization guideline of 15 pg/m?. I used free hourly PM2.5 estimates from the Copernicus
Atmosphere Monitoring Service (CAMS) and ERAS5 weather data for 1,490 days between 4
August 2022 and 1 September 2026. Only 141 days (9.5%) were above the guideline, so a model
that always answers "normal" is right 90.5% of the time and still finds no polluted day. I trained
logistic regression, random forest and gradient boosting models on 2022-2024 and tested them
once on 2025-2026. With the weather of the same day, the random forest found 64% of the
exceedance days with 55% of its alarms correct (F1 = 0.59, 95% CI 0.47-0.68), better than the
rule "tomorrow will be like today" (F1 = 0.42). When the model could use only the weather of
the previous day, F1 fell to 0.32, below that simple rule. The model missed all ten summer
exceedances and most days with a lot of dust in the air. Finally, I compared CAMS with the US
Embassy monitor in Astana on 613 days. The monitor showed about twice as much PM2.5 (17.4
against 8.4 pug/m? on average) and exceedances on 39% of days instead of 9%, and only the
monitor showed higher pollution in the heating season. Weather predicted the monitor's
exceedance days at least as well as the CAMS ones. My conclusion is that weather contains real
information about polluted days in Astana, but CAMS shows a much cleaner city than the
ground monitor, so models trained only on CAMS should be used with care.

Keywords: PM2.5; air quality; Astana; machine learning; imbalanced classification;
CAMS; ground-based monitoring

1. Introduction

I live in Astana, and every winter there are evenings when the air smells of smoke and
the city looks grey. Part of the city is still heated with coal, and the heating season lasts about
half a year. Air pollution in Astana and its monitoring system have been studied before [1].
Studies describe coal heating and thermal power plants close to the city as important sources of
particulate pollution [2], and a recent sampling study found soot and coal fly ash in Astana's
particulate matter and PM2.5 concentrations up to 534 pg/m? in individual samples [3].

PM2.5 means particles with a diameter of 2.5 micrometres or less. They go deep into the
lungs, and in 2021 the World Health Organization lowered its guideline for the 24-hour mean
of PM2.5 to 15 pg/m? [4]. For a person living in the city, the exact number is less useful than a
simple answer to the question "will tomorrow be a bad day?". This is why I decided to treat the
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problem as a classification problem with two classes, "normal" and "exceedance", instead of
predicting the exact concentration.

Predicting PM2.5 with machine learning is a common topic. Studies from Iran used
meteorological data and several algorithms to predict PM2.5 levels or concentrations [5, 6], and
a study in Frontiers in Big Data classified PM2.5 into several groups and used oversampling
because the classes were imbalanced [7]. Imbalance is a known problem in air quality
classification [8]. When one class is rare, accuracy is misleading, and precision-recall curves
and the Matthews correlation coefficient describe a model better [9, 10].

Most such studies use measurements from ground stations. For Astana I could not find a
long and complete public record of measurements, so my plan was to use the free PM2.5
estimates of the Copernicus Atmosphere Monitoring Service (CAMS) through the Open-Meteo
service [11, 12]. CAMS values are not measurements. They come from an atmospheric model
that combines emissions, meteorology and satellite observations [13]. Studies that compared
CAMS with ground stations over China [14], around the world using the OpenAQ platform [15]
and in Hungary [16] show that CAMS PM2.5 should be checked before use, and in Hungary
the raw CAMS data systematically underestimated the measured values [16]. There is also a
risk of circular reasoning. CAMS itself uses weather, so a model that predicts CAMS PM2.5
from weather may only learn how CAMS works, not how pollution in the real city behaves.

I did not find a public study for Astana that treats the problem as classification of
exceedance days, compares the model with honest baselines on imbalanced data, and checks the
data source against a ground monitor. My search was in English and Russian, and I do not claim
it was complete. In this study I asked four questions:

* How much better than simple baselines can weather-based models find the days when
PM2.5 in Astana is above 15 ug/m?3?

* Which weather features are the most important, and does this agree with what is known
about how pollution accumulates and disperses?

* What do the days on which the model is wrong have in common?

* How well do the CAMS values agree with a ground monitor in Astana?

Before the analysis I wrote four hypotheses. H1: a model with only weather features will
beat the baseline "always normal" in F1 for the exceedance class, but not necessarily in
accuracy. H2: the most important features will be those connected to dispersion, such as low
wind speed, wind direction and stagnant conditions. H3: missed exceedances will mostly be
days when the pollution was caused by something other than the weather, which CAMS smooths
out. H4: CAMS will agree with the ground monitor only weakly, especially at low
concentrations.

2. Data and methods

PM2.5. I downloaded hourly PM2.5 for the point 51.18° N, 71.45° E from the Open-
Meteo Air Quality API [12]. For Astana this API gives the CAMS global atmospheric
composition forecast with a resolution of 0.4° (about 45 km), which is available from August
2022. This explains why my data start on 4 August 2022. At first I thought the data were a
reanalysis, but the documentation shows that for Central Asia they are archived forecasts, so |
call them "CAMS estimates". All hours are in the fixed time zone GMT+5, and each day's mean
is the average of 24 hourly values. The first day, 4 August 2022, has 19 hours and I kept it, so
the full set has 1,490 days up to 1 September 2026.

Weather. Hourly weather came from the ERAS reanalysis [17] through the Open-Meteo

Historical Weather API [11], for the nearest ERAS grid point (51.25° N, 71.5° E). I used air
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temperature, relative humidity, surface pressure, wind speed and direction at 10 m, precipitation
and cloud cover. I requested only ERAS, so that all years come from one model. Open-Meteo
also gives the boundary layer height, which is physically very important for pollution, but in
this archive it had no values from January to June 2024, so I did not use it in the models.

Ground monitor. The US Embassy in Astana had a PM2.5 monitor whose data were
published through the AirNow programme. I could not find this monitor in the OpenAQ search.
Its records are in the open OpenAQ data archive as location 7094, "US Diplomatic Post:
Astana", and they can be downloaded without registration [18]. Hours with the code -999 were
treated as missing. The time stamps in the files change from UTC+6 to UTC+5 in March 2024,
when Kazakhstan moved to a single time zone, so I converted every hour to UTC first and then
to GMT+5. A station day was used only if it had at least 18 valid hours.

Target and features. A day was an exceedance (y = 1) if its daily mean CAMS PM2.5
was above 15 pg/m?. From the hourly weather I calculated daily mean, minimum and maximum
temperature and their range, mean humidity, mean pressure and its change from the previous
day, mean and maximum wind speed, the number of calm hours (wind below 2 m/s), wind
direction as the sine and cosine of the vector-mean direction, total precipitation and mean cloud
cover. | also added the previous day's temperature and wind speed, the change in temperature,
the month (as sine and cosine) and a heating season flag (October-March).

Three modes. In mode A the model gets the weather of the same day. This is the setting
of my research question, and it is also the most optimistic one, because real forecasters know
tomorrow's weather only from a forecast. In mode B the model also gets the previous day's
PM2.5, which makes the task easier because pollution changes slowly. I added mode P after the
first results: the model gets only the weather of the previous day and the calendar, which is what
is really known on the evening before.

Splitting the data. Neighbouring days are similar, so a random split would let the model
see the test days through their neighbours. I used a chronological split: training on 4 August
2022 - 31 December 2024 (880 days after removing the first day, which has no previous day,
67 exceedances) and testing on 1 January 2025 - 1 September 2026 (609 days, 74 exceedances).
Hyperparameters were chosen by expanding-window cross-validation inside the training part,
using the area under the precision-recall curve (PR-AUC). The decision threshold was also
chosen inside the training part, as the threshold that gave the best F1 on the cross-validation
predictions. The test part was used only once.

Models. 1 used two baselines: "always normal" and the persistence rule "today is an
exceedance if yesterday was". The models were logistic regression with class weights (with
standardised features), random forest [19] with balanced class weights, and gradient boosting
with balanced sample weights. Everything was done in Python with pandas and scikit-learn
[20], with a fixed random seed.

Metrics. For the exceedance class I report precision, recall, F1, PR-AUC and the
Matthews correlation coefficient (MCC) [10]. PR-AUC is more informative than ROC-AUC
when one class is rare [9]. The test part has only 74 exceedance days, so I calculated 95%
confidence intervals with a block bootstrap: 2,000 resamples made of blocks of 7 consecutive
days, so that the dependence between neighbouring days is kept. To compare two models, |
calculated the difference in F1 on the same resamples.

Error analysis. For the main model I divided the test days into found exceedances (TP),
missed exceedances (FN), false alarms (FP) and correct normal days (TN), and compared their
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weather, season, position in an episode of polluted days and the amount of dust in the CAMS
data. I compared TP and FN with the Mann-Whitney test.

3. Results

3.1 What the CAMS data show

The daily mean CAMS PM2.5 for the whole period was 8.73 pg/m?* (median 7.83,
standard deviation 5.27). The 90th percentile was 14.8 pg/m?3, almost exactly at the threshold,
which means that exceedances are rare by definition. The highest daily mean was 49.9 pug/m?
on 28 November 2024, and the highest hourly value was 65.9 pug/m? on the same day (Figure
1). Only 141 of 1,490 days (9.5%) were above 15 pg/m?, so the "always normal" model has an
accuracy of 90.5% on the full data and 87.8% on the test part.

training: 04.08.2022 - 31.12.2024
» day above 15 pg/m® (141 days)
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Figure 1. Daily mean CAMS PM2.5 in Astana, 4 August 2022 - 1 September 2026.
Orange points are days above the WHO guideline; the grey area is the test period
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When I first counted exceedances by calendar year, it looked like the share of exceedance
days grew more than twice, from 4.7% in 2022 to 11.8% in 2025 (Table 1). This comparison
was wrong, because 2022 starts in August and misses January-March, which in these data are
some of the most polluted months. When I compared only August-December, which all years
have, 2023 turned out to be the cleanest year (0.7%), then there was a jump in 2024 (11.8%)
and a small fall in 2025 (9.2%). So the honest description is a jump between 2023 and 2024
without a clear trend after it.

Table 1. CAMS PM2.5 exceedance days in Astana by year

Year Days Exceedance Share, Mean PM2.5, Aug-Dec
days % pg/m? share, %

2022 150 7 4.7 5.95 4.7

2023 365 28 7.7 8.24 0.7

2024 366 32 8.7 8.80 11.8

2025 365 43 11.8 9.28 9.2

2026 244 31 12.7 10.22 -

2022 starts on 4 August and 2026 ends on 1 September, so the yearly shares cannot be
compared directly, the last column uses only August-December.

In the CAMS data the heating season was almost as clean as the warm season (8.81
against 8.64 ug/m?), and the most polluted month was March, which also had the most dust in
the CAMS data (12.4 pg/m*® on average, compared with about 1 pg/m* in August and
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December). I expected the opposite, and section 3.5 shows that the ground monitor disagrees

with CAMS here.

3.2 How well the models find exceedance days

Table 2 shows the results on the test period. The "always normal" model has an F1 of
zero. The persistence rule found 42% of the exceedance days, with 42% of its alarms correct
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(F1=0.42).
Table 2. Results on the test period (609 days, 74 exceedance days)
Mode and model Precisio | Recall | F1 [95% CI] PR-AUC MC
n [95% CI] C

Always "normal" - 0.00 0.00 - 0.00

Same as yesterday 0.42 0.42 0.42 [0.30- 0.46 [0.33- 0.34
0.51] 0.58]

A: logistic regression 0.30 0.82 0.44 [0.34- 0.51[0.36- 0.39
0.53] 0.66]

A: random forest 0.55 0.64 0.59 [0.47- 0.54 [0.39- 0.53
0.68] 0.70]

A: gradient boosting 0.41 0.53 0.46 [0.34- 0.4510.32- 0.38
0.56] 0.60]

B: logistic regression 0.48 0.59 0.53 [0.42- 0.60 [0.47- 0.46
0.62] 0.71]

B: random forest 0.61 0.61 0.61 [0.49- 0.69 [0.56- 0.55
0.70] 0.79]

B: gradient boosting 0.53 0.66 0.59 [0.48- 0.58 [0.43- 0.53
0.67] 0.70]

P: logistic regression 0.23 0.69 0.34 [0.24- 0.30[0.20- 0.24
0.43] 0.43]

P: random forest 0.21 0.66 0.32 [0.23- 0.32[0.21- 0.22
0.41] 0.45]

P: gradient boosting 0.18 0.78 0.30 [0.22- 0.23[0.15- 0.20
0.38] 0.33]

A: weather of the same day, B: A plus yesterday's PM2.5; P: only yesterday's weather
and the calendar. Confidence intervals are from a 7-day block bootstrap. For the persistence
rule PR-AUC uses yesterday's PM2.5 as the score.

In mode A the random forest was the best model. It found 47 of the 74 exceedance days,
gave 39 false alarms and missed 27 exceedances, and its accuracy was 89.2%. This is a little
higher than 87.8% for "always normal", but the important difference is in F1: 0.59 against 0.
The random forest was also better than the persistence rule (difference in F1 0.17, 95% CI 0.05-
0.28) and better than logistic regression (difference 0.15, CI 0.06-0.23). Logistic regression
found the most exceedances (82%), but it gave 141 false alarms, so only 30% of its alarms were
right. Gradient boosting was not better than logistic regression.

Adding yesterday's PM2.5 (mode B) raised PR-AUC from 0.54 to 0.69 for the random
forest, but the F1 improvement was small and not clear (difference 0.02, CI -0.07 to 0.10). For
logistic regression the gain from mode B was clearer (difference 0.09, CI 0.003-0.17).

The result that surprised me most was mode P. When the models could use only the
weather of the day before, F1 fell to 0.30-0.34, and the random forest was worse than the simple
persistence rule (difference -0.10, CI -0.18 to -0.005). Figure 2 shows the same thing with
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precision-recall curves: the curve for mode P lies far below the curves for modes A and B. So
most of the skill of mode A comes from knowing the weather of the same day.

1.0

0.8

precision (share of alarms that were right)

random guess = share of exceedance days (0.12)

0.0

0.0 0.2 0.4 0.6 0.8 1.0
recall (share of real exceedance days found)

- Mode B: weather + yesterday's PM2.5 (PR-AUC 0.69)
- Mode A: weather of the same day (PR-AUC 0.54)
Mode P: only yesterday's weather (PR-AUC 0.32)
¥ ‘'same as yesterday" rule

Figure 2. Precision-recall curves of the three random forest models on the test period.
Points show the chosen thresholds; the diamond is the "same as yesterday" rule

One more thing I noticed is that cross-validation inside the training part gave much lower
PR-AUC values (0.14-0.19 in mode A) than the test. The training years had fewer exceedances,
especially 2023 with only one in August-December, so some validation folds had very few
positive days. The test result may therefore be a bit lucky, and I do not think the exact numbers
would repeat in another year.

3.3 Which features matter

In the random forest (mode A), the features that most reduced PR-AUC when they were
shuffled were the maximum wind speed of the day, the previous day's temperature, the minimum
temperature and the mean wind speed. Wind direction had only a small effect. In logistic
regression, the month, more calm hours, higher pressure and a larger daily temperature range
increased the chance of an exceedance, and stronger wind decreased it. Many of these features
are correlated with each other, so I read the signs of the coefficients only as a rough picture. In
mode B yesterday's PM2.5 was the most important feature, and after it again wind and
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temperature. This agrees with the idea that pollution builds up when the air is calm and cold,
and it partly supports H2, except that wind direction was not important.

3.4 Where the model makes mistakes

The 27 missed exceedances were different from the 47 found ones. On the missed days
the median wind speed was higher (3.4 against 2.3 m/s, p < 0.001), there were no calm hours
(median 0 against 7), the median temperature was 5.1 °C instead of -11.4 °C, and the ratio of
dust to PM10 in the CAMS data was about twice as high (0.21 against 0.10, p = 0.003). In other
words, the model learned that a polluted day is a cold and calm day, and it missed the polluted
days that did not look like that. The position in an episode did not explain the misses: 56% of
the missed days and 60% of the found days were the first day of a polluted period.

Three patterns explain most misses. First, many misses were close to the threshold: 63%
of the missed days had PM2.5 between 15 and 18 pg/m?, compared with 34% of the found days,
so a part of the errors comes from the sharp threshold itself. Second, the model did not find any
of the 10 exceedances in June-August 2025. The training years had only one summer
exceedance, so the model had nothing to learn from. On several of these June days the CAMS
aerosol optical depth was 0.4-0.5, about twice its usual summer value of 0.19, which points to
aerosol brought from somewhere else, but from my data I cannot say whether it was dust or
smoke. Third, on days when CAMS dust was above 10 pg/m?, the model found only 7 of 18
exceedances, while on the other days it found 40 of 56.

The 39 false alarms were mostly cold, calm days in winter and spring when PM2.5 stayed
below the threshold. Their median PM2.5 was 10.7 pg/m?, and 36% of them were above 12
ug/m3, so many false alarms were "almost exceedances".

This means that H3 was only partly right. The missed days were not explained by local
sources, because CAMS does not see local sources anyway. They were days when the particles
probably came from outside the city, or days very close to the threshold.

3.5 CAMS against the ground monitor

The US Embassy monitor had valid data from 20 October 2022 to 4 March 2025, but with
gaps. There were 613 days (24 October 2022 - 3 March 2025) with at least 18 hours of
measurements, which is 65% of the CAMS days in this period. Table 3 compares the two
sources on these days.

Table 3. CAMS and the US Embassy monitor on the same 613 days

Measure CAMS US Embassy monitor
Mean PM2.5, pg/m? 8.4 17.4

Median PM2.5, pg/m? 7.5 12.6

Highest daily mean, pg/m? 49.9 117.8

Share of exceedance days, % 8.8 39.0

Heating season mean (Oct-Mar), pg/m? 7.8 20.4

Warm season mean (Apr-Sep), ug/m? 9.1 13.8

The highest CAMS value is for the whole period; the monitor's highest value was on 6
December 2022. Days are in GMTH35.

The two sources moved together only moderately (Pearson r = 0.49, Spearman p = 0.43).
On days when the monitor was below 15 pg/m? the correlation was only 0.28, which agrees
with H4. CAMS was lower on average by 9.0 ug/m?, and the difference was largest in the
heating season (Figure 3a). The monitor recorded an exceedance on 239 days, and CAMS also
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showed an exceedance on only 50 of them. CAMS showed an exceedance without the monitor
on 4 days. The two sources agreed on 68.5% of days, and Cohen's k was 0.23.

(a) months with at least 10 matched days (b) hour of day, November-February

- ) w\/ :

-w o

N N
o w
L L
N
o

iy
w

=

wuv
1

=
o
L
=
o

mean PM2.5, ug/m?

/\ CAMS

monthly mean PM2.5, pg/m?

w
w
L

T T T T T d 0 T T T T
01.2023 07.2023 01.2024 07.2024 01.2025 07.2025 0 6 12 18 23

hour (GMT+5)

Figure 3. CAMS and the US Embassy monitor: (a) monthly means on matched days; (b)
mean hour-of-day profile in November-February

The most important difference is the season. In the CAMS data the heating season was
cleaner than the warm season, but at the monitor it was about one and a half times more polluted
(20.4 against 13.8 pg/m?®), and half of the heating season days were above the guideline. In
winter, CAMS shows two peaks, around 9-10 in the morning and 19-21 in the evening. The
monitor also has a small morning peak, but its highest values are around midnight, and the night
stays polluted (Figure 3b). This fits the picture of houses burning coal in the evening while cold,
stable air holds the smoke near the ground.

3.6. Does weather explain the real monitor as well?

To check the circularity problem, I trained the same random forest (mode A) on the 613
matched days twice, once with the CAMS exceedances as the target and once with the monitor's
exceedances, using the same expanding-window cross-validation. Because the share of positive
days was very different (9% and 39%), I compared ROC-AUC, which does not depend on this
share. It was 0.78 for CAMS and 0.82 for the monitor. So the weather predicted the real
measurements at least as well as the CAMS estimates.

The relationships were not the same, though. Wind speed and calm hours were related to
PM2.5 in both sources in a similar way. Temperature was not: the monitor's PM2.5 was higher
on colder days (Spearman p = -0.30), while CAMS PM2.5 was slightly higher on warmer days
(p=0.15). Pressure (p = 0.44 against 0.06) and precipitation (p = -0.42 against -0.18) were also
much more strongly related to the monitor than to CAMS.

4. Discussion

H1 was supported in mode A: the random forest clearly beat both baselines in F1, while
its accuracy was only a little higher than that of "always normal". Mode P shows the limit of
this result. With only yesterday's weather, the models were worse than the persistence rule, so
in a real forecast the quality would depend mostly on the quality of the weather forecast for the
next day. My mode A is closer to the case of a perfect weather forecast, and the real result would
be somewhere between modes A and P.

H2 was partly supported. Wind speed, calm hours and low temperature were the most
important features, but wind direction was not. Maybe the 45 km CAMS cell is too large for the
direction of local sources to matter.
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H3 was not supported in the form I wrote it. I expected missed days to be caused by local
sources that CAMS smooths out, but local sources are missing from the CAMS target as well,
so the model could not miss them. The missed days were warm, windy and often dusty days, or
days just above 15 pg/m?. This shows that a "weather only" model does not know where
particles come from, and that one threshold creates many borderline errors.

H4 was supported, and the comparison with the monitor was the most important part of
this work for me. CAMS showed about half of the PM2.5 measured at the US Embassy, and it
showed four times fewer exceedance days. The finding that the heating season was not more
polluted, which I wrote in my first draft, turned out to come from the CAMS data and not from
the real city. A model trained on CAMS learns the rule "exceedances happen on calm days, and
dust can add some", while the monitor shows that in Astana cold winter days are polluted much
more often. At the same time, the circularity worry was not confirmed: weather explained the
monitor's exceedances at least as well as the CAMS ones. I think the right conclusion is that
weather data are useful for this task, but the target should be measured PM2.5, and CAMS
should be calibrated against stations before it is used for Astana, as was done for Hungary [16].

During the work I also learned two practical lessons. The first is that comparing
incomplete years with full years can create a false trend, as in Table 1. The second is that time
zones matter. Kazakhstan changed its time zone in 2024, and if I had used the station's local
hours without converting them, the hour-of-day profiles would be shifted by one hour for part
of the period.

Limitations. The main limitation is that the model's target is a CAMS estimate, which
section 3.5 shows to be far below the measured values. The test period has only 74 exceedance
days, so the confidence intervals are wide, and the cross-validation results inside the training
part were much weaker than the test results. The data cover only four years, and the jump
between 2023 and 2024 shows that conditions change from year to year. The comparison uses
one monitor at one place in the city, which had data on 65% of the days and stopped publishing
on 4 March 2025, so it does not cover the test period. I used observed weather, not weather
forecasts. I did not use emissions, traffic or the boundary layer height, and I tested only one
threshold (15 pg/m?).

5. Conclusion

Using 1,490 days of CAMS and weather data for Astana, I showed that a random forest
using the weather of the same day can find about two thirds of the days with PM2.5 above the
WHO guideline, with about half of its alarms correct, which is clearly better than "always
normal" and the persistence rule. With only the previous day's weather, the models lost this
advantage. The model missed summer exceedances and dusty days, which were rare in the
training years. The comparison with the US Embassy monitor showed that CAMS greatly
underestimates PM2.5 in Astana, especially in the heating season, and finds only about one in
five of the exceedance days that the monitor recorded. For the next step I would like to train the
same models on measured PM2.5 from Astana's ground stations, include the boundary layer
height and real weather forecasts, and check whether a model trained on measured data can warn
people about polluted days one day in advance.

Author contribution and use of Al

The author chose the topic, formulated the research question and hypotheses, wrote the
research plan, downloaded the CAMS data, calculated the yearly statistics and the August-
December comparison, found the problem with comparing incomplete years, described the

hour-of-day pattern and the circularity problem, and collected the first list of literature. The
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author's mentor found the US Embassy monitor in the OpenAQ archive, built the models and
the comparison with the monitor, made the figures, and helped write and edit the English text.
Generative Al tools were used to help with editing and translation. Every number in the paper
was calculated by the analysis code from the open data sources and checked by the author's
mentor.
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