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Abstract

More observed stations did not produce the most accurate consensus estimate in this retrospective
exercise. We withheld each Beijing station in turn at 15,718 later-period hours with complete
measurements across twelve sites. Three neighbors selected using earlier correlations yielded an
equal-day, equal-site mean absolute error of 12.74 micrograms/m3, compared with 15.81 for all eleven
available neighbors. Median aggregation reduced error in the broad neighborhood but increased the
observed error in the three-neighbor set. A factorial regression with week-clustered uncertainty retained
this interaction. These findings concern controlled single-station withholding and do not establish
performance during real network outages.
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Abstract

More observed stations did not produce the most accurate consensus estimate in this retrospective
exercise. We withheld each Beijing station in turn at 15,718 later-period hours with complete
measurements across twelve sites. Three neighbors selected using earlier correlations yielded an
equal-day, equal-site mean absolute error of 12.74 micrograms/m3, compared with 15.81 for all eleven
available neighbors. Median aggregation reduced error in the broad neighborhood but increased the
observed error in the three-neighbor set. A factorial regression with week-clustered uncertainty retained
this interaction. These findings concern controlled single-station withholding and do not establish
performance during real network outages.

1. A neighbor budget changes the information being combined

An air-quality network can observe a common pollution episode without every station representing the
same local concentration. Pooling more stations may stabilize an estimate while moving it toward a
citywide pattern that is less suitable for a particular site. Robust aggregation poses a related choice:
reducing the influence of a remote response may help in a broad pool, but discarding the magnitude
ordering among three particularly relevant responses can lose useful information. Neighborhood breadth
and aggregation rule therefore deserve a joint evaluation.

This article asks how a three-neighbor budget changes reconstruction error relative to using every other
station, and whether replacing a mean by a median changes that tradeoff. The observations are actual
hourly PM2.5 measurements from the UCI Beijing Multi-Site Air Quality release (Chen, 2017). The
associated assessment in Zhang et al., 2017 addresses broader questions about air-quality trends and
meteorological adjustment. Our release contains twelve stations, and our outcome is reconstruction error.
It should not be described as the broader source study's full monitoring network or as an assessment of
pollution-policy effectiveness.

The comparison is intentionally conditional. At each evaluated hour, every station has an observed
concentration. We hide one site's response from its reconstruction rule while retaining the actual value for
evaluation. This creates a common benchmark on which four policies receive the same information
availability apart from the chosen neighbor budget. It does not reproduce missingness caused by a power
failure, severe weather, communication congestion, or a damaged monitor.

2. Network representation and the aggregation proposition

Graph-signal processing relates multivariate measurements to explicit network structure (Shuman et al.,
2012; Ortega et al., 2017). We construct a directed neighborhood by ranking earlier pairwise
concentration correlations. A neighbor is therefore a historically correlated site, not necessarily the
geographically closest monitor. All eleven other sites form the broad comparison pool. The three
highest-ranked sites form the restricted pool, with ties resolved by station name.

The target work, Peng et al., 2024, introduces a normalized sign-based adaptive method for robust
graph-signal prediction, including a multivariate-temperature application. It makes robustness and
efficient estimation relevant concerns for graph observations. Our question isolates two simpler



components that an application must still choose: the available neighbor set and the aggregation of its
standardized responses. We execute neither the target's adaptive update nor its normalization procedure,
so the present errors provide no replication or ranking of that algorithm.

P1 concerns the error difference between the restricted and broad neighborhoods under mean aggregation.
Its sign is an empirical question because selecting correlated sites trades breadth against relevance. P2
concerns an interaction: the median-versus-mean difference can depend on neighborhood size. The
robust-estimation principles in Huber, 1964 and Rousseeuw, 1984 motivate sensitivity to unusual
observations, but a median is not guaranteed to minimize absolute reconstruction error after a particular
scaling and graph selection.

The factorial structure appears in Figure 1. The two policy dimensions operate on a fixed set of withheld
station-hours. Training-period location and scale statistics map every available neighbor onto a common
standardized scale, followed by a map back into the focal station's concentration units. The evaluation
compares complete deterministic policies rather than treating individual neighbor readings as
independently randomized treatments.

Neighbor budget
3 training-selected vs all 11 P1

Station-day MAE

Aggregation rule Rule Same withheld observations

Mean vs median

P2

Budget x aggregation
Interaction: P2

Training-only normalization and neighbors; site / month indicators; covariance clusters by calendar week.

Figure 1. P1 compares three versus eleven neighbors for the mean rule. P2 is the neighborhood-by-median interaction.
Training-only normalization and station/year-month indicators support a matched descriptive comparison, arrows are
not causal pollution mechanisms.

3. What is actually inside the downloaded archive

The official outer ZIP includes a second archive named PRSA2017 Data 20130301-20170228.zip, a map
image, and two ancillary CSV files. The ancillary files are not station pollution records; one contains
stock-price columns. We use only the twelve station CSVs in the named inner archive. This file-level
check matters because choosing the first CSV automatically would silently analyze a different subject
while retaining the air-quality dataset's name.

Each station supplies 35,064 hourly timestamps, giving 420,768 original station-hour rows. We verify
unique timestamps within station and align them on a common time index. The measured period runs
from March 2013 through February 2017. Missing concentration values are retained as missing during
preprocessing. Across all original station-hours, the PM2.5 missing fraction is approximately 2.08%; that
marginal percentage should not be mistaken for the fraction of hours with all twelve sites available.



Records before 1 January 2015 form the training period, comprising 16,104 native timestamps. Means and
population standard deviations use each station's available earlier values. Pairwise training correlations
use available pairs with at least 1,000 observations. No later concentration determines a scaling
coefficient or neighbor ranking. We check that every training scale is finite and positive before producing

any reconstruction.

The remaining period has 18,960 native timestamps. Requiring all twelve actual concentrations leaves
15,718 hours spread across 773 days. This selection excludes hours with any site missing. The
missing-data framework in Little and Rubin, 2002 explains why the resulting conditional benchmark need
not describe an outage population. We make no claim that the retained complete hours are a random
sample of all operational conditions.

4. Four reproducible reconstruction policies

For a focal station, we standardize every other site's contemporaneous concentration using that site's
training mean and standard deviation. The restricted policies take the first three neighbors from the frozen
correlation ranking; the broad policies use all eleven. Within each set, we calculate either the arithmetic
mean or the median. We then multiply that standardized consensus by the focal site's training standard
deviation and add its training mean.

No focal concentration enters its own reconstruction. No negative prediction is clipped after examining its
error, and no validation outcome determines a policy-specific scaling. These choices make the
comparison easy to reproduce, while leaving possible improvements outside the experiment. The
measurement-error account in Carroll et al.,, 2006 is relevant because normalization does not turn
observed concentrations into error-free latent values. It changes their scale, not their epistemic status.

The restricted policy bundles two decisions: using fewer sites and choosing those sites by their earlier
correlations. It is not a randomized test of the number three against the number eleven while holding
neighbor composition otherwise fixed. A random three-site pool, a geographic three-site pool, or a wider
pool with fitted weights could perform differently. The estimated contrast belongs to the named composite
policy. Describing it simply as evidence that less information is always better would erase the selection
mechanism responsible for defining which information remains.

Standardization creates another interpretive boundary. We combine departures from each neighbor's
earlier level in units of its earlier variability, then express the result on the focal site's historical scale.
Thus the broad mean is not the raw citywide mean concentration. A site's typical level and spread are
intentionally restored after aggregation. This can remove persistent level differences while leaving
differing responses to particular episodes. The experiment assesses how the remaining normalized
responses combine; it does not show that the raw concentrations are exchangeable across locations.

Pairwise training correlations are estimated on the observations available for each pair. Their eligible
hours can differ because training readings are missing. The minimum-pair count provides a basic data
requirement but does not eliminate uncertainty in the ranking or establish a stable graph across pollution
regimes. That uncertainty is held fixed in the primary policy comparison. A new evaluation could
re-estimate the graph on repeated earlier periods and then test subsequent periods, keeping all graph
selection upstream of each evaluation window.

For each station-day-policy combination, we average absolute errors over the eligible hours on that day.
All twelve stations and four policies use those same hourly positions. Each policy therefore supplies 9,276
station-day means, and the factorial regression contains 37,104 rows. Days with fewer eligible hours



receive the same day weight as more fully observed days. That is an explicit equal-day estimand rather
than a pooled-hour accuracy score.

The forecasting discussion in Hyndman and Koehler, 2006 helps keep the named error measure and
weighting visible. The scoring framework in Gneiting and Raftery, 2007 further distinguishes
point-estimate evaluation from assessment of a predictive distribution. We calculate no probability
interval for the missing station, no distributional calibration score, and no threshold-exceedance
sensitivity. A policy with smaller mean absolute error need not dominate every operational loss.

5. A matched factorial regression

The response is station-day MAE in micrograms/m3. Regressors include a restricted-neighborhood
indicator, a median indicator, and their interaction, plus station and year-month intercepts. The reference
policy is the eleven-neighbor mean. Because every policy appears at every retained station-day, the main
contrasts have a direct matched interpretation; the intercept is a reference station-month value rather than
the overall benchmark mean.

We estimate the linear contrast model with ordinary least squares and covariance clustered by calendar
week. There are 114 week clusters. All stations, policies, and days in the same week can share dependent
disturbances. Clustered inference follows the dependence concerns in Cameron and Miller, 2015, while
White, 1980 describes the separate issue of heteroskedasticity. Weather persistence across week
boundaries and the finite selection of this network remain limitations of this uncertainty calculation.

The training-test split preserves time ordering, consistent with the validation arguments in Roberts et al.,
2017. We did not select the budget by searching later errors across many values. Nevertheless, this is an
exploratory analysis rather than a registered confirmatory test. If additional budgets are tried on this
period, model-selection concerns such as those in Varma and Simon, 2006 apply to any best-performing
choice subsequently reported.

The executed contrasts appear in Table 1. The interaction asks whether the median effect changes when
the neighborhood is restricted. It should not be read as a causal effect of physically removing stations,
because availability is controlled retrospectively and the actual measurements are held fixed.

Table 1. Station-day MAE regression with station and year-month indicators. Reference policy: eleven-neighbor
arithmetic mean. Standard errors cluster by 114 calendar weeks, with a finite-sample adjustment and t(113) intervals.
All policies use the same 15,718 complete test hours; N denotes policy-specific station-day rows.

Model Term Estimate (SE) 95% CI N

Daily-site MAE policy Three minus eleven -3.0700 (0.2593) [-3.5837, -2.5563] 37104

contrast neighbors: P1

Daily-site MAE policy Median minus mean, -0.3571 (0.0418) [-0.4400, -0.2743] 37104
contrast eleven neighbors

Daily-site MAE policy Neighborhood x 0.6444 (0.0717) [0.5023, 0.7865] 37104
contrast median: P2

Daily-site MAE policy R-squared = 0.2144 - - 37104

contrast: fit



6. Breadth and robustness do not move together uniformly

The broad-neighborhood mean has MAE 15.8139, whereas the three-neighbor mean has MAE 12.7439.
The estimated restricted-neighborhood contrast is -3.0700, with standard error 0.2593 and interval from
-3.5837 to -2.5563. In this conditional benchmark, the smaller historically selected neighborhood is more
accurate on the declared loss and weighting scale. This is an observed data-budget comparison, not
evidence of a hardware or communication-speed improvement.

Using the median in the eleven-neighbor pool gives MAE 15.4568, a reduction of 0.3571 from its mean
counterpart. The corresponding interval is -0.4400 to -0.2743. Within the restricted pool, median MAE is
13.0312, or 0.2873 above its mean counterpart. The interaction coefficient is 0.6444, with interval from
0.5023 to 0.7865. Thus the measured median-versus-mean contrast changes materially with the pool
definition.

The model R-squared is 0.2144. Its role is to summarize variation in the saved station-day errors, not to
report the fraction of pollution dynamics explained or the accuracy of a deployed sensor. Agreement
concepts in Bland and Altman, 1986 caution against replacing an interchangeability question by a
correlation. Likewise, the reliability guidance in Koo and Li, 2016 does not allow these deterministic
policy replications to be counted as independent measurements of station reliability.

7. Relation to learned imputation and network assessment

Several established imputation approaches address richer problems than the present consensus
calculation. Cini et al., 2021 develops graph-based multivariate time-series imputation, and Cao et al.,
2018 uses a bidirectional recurrent approach. Yoon et al., 2018 and You et al., 2020 provide different
generative or graph-representation routes to missing-data handling. These works motivate reporting the
masking regime and available information carefully; their results are not imported into our comparison,
and none is executed on these station files.

Tabular methods such as chained equations (Buuren and Groothuis-Oudshoorn, 2011) and MissForest
(Stekhoven and Biihlmann, 2012) also show that reconstruction is a modeling choice. We did not compare
those alternatives, tune a learned imputer, or use future values to fill a present gap. A wider method
comparison would need a separate validation budget and common data-access rules. The simple policies
here are useful precisely because the observed neighborhood and aggregation differences can be traced
without attributing them to an opaque training procedure.

A model of natural outages would need information about why readings disappear. Causal-graph
reasoning (Greenland et al., 1999) helps identify that missingness may share causes with the difficult
conditions being predicted. Transport considerations in Stuart, 2010 similarly limit transfer from complete
hours to an outage population. Even a large complete-case sample does not resolve that mismatch by
itself.

8. Reporting the benchmark without turning it into a universal rule

An influence audit inspired by Cook, 1977 could investigate which days or station profiles account for
unusually large errors. Such inspection should preserve the original comparison and label any subsequent
exclusions as exploratory. If many neighborhoods, loss functions, and station-specific hypotheses are
screened, multiplicity should be addressed using assumptions appropriate to their dependence. Benjamini
and Hochberg, 1995 and Benjamini and Yekutieli, 2001 illustrate why that choice cannot be reduced to
adding significance symbols to a large table. The present intervals are unadjusted descriptive uncertainty
summaries for the stated contrasts.



We retain the two nested archive identities, station timestamps, scaling rules, selected neighbor names,
and station-day policy errors. Documentation in the spirit of Gebru et al., 2021 makes the exclusion of
unrelated outer CSVs visible. The Wilkinson et al., 2016 principles support retaining identifiers and
reusable metadata, while source attribution preserves the release's stated terms. These records make it
possible to change a policy transparently without pretending that a new policy creates a new set of
observed concentrations.

9. Conclusion

On the selected complete hours of this twelve-site Beijing release, three historically correlated neighbors
outperform an eleven-site mean for equal-day, equal-site absolute reconstruction error. Median
aggregation has a favorable measured contrast in the broad pool and an unfavorable observed contrast in
the restricted pool. Neighborhood breadth and aggregation should therefore be evaluated jointly. Whether
the same relationship survives real simultaneous outages, different station networks, or an adaptive
sign-based estimator remains an open empirical question.
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