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Abstract  

Annual “hottest-year-on-record” headlines rely on global temperature-anomaly indices built from 
weather-station data that are incomplete, geographically biased and contaminated by non-climatic 
artefacts (urbanization, poor siting, instrument changes). Automated homogenization algorithms, 
especially NOAA’s Pairwise Homogenization Algorithm, are widely believed to overcome these 
challenges. However, in practice they often rewrite station records on a daily (or monthly) basis. 
Adjustments applied to the same record often change from one day to the next and rarely match 
documented station events. Meanwhile, current statistical homogenization techniques blend urban 
warming into rural series. The resulting homogenized network therefore converges on a more 
urbanized average rather than removing bias. In contrast, it is shown that a rural-only Northern 
Hemisphere reconstruction that avoids automated homogenization shows 38 % less warming than 
standard estimates and also implies a more cyclical alternation of warming and cooling periods 
since the late-19th century – a period that coincidentally marked the end of the Little Ice Age. 
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1. Introduction 
Almost every year, the public is told that the year just ended was globally “the hottest on record” 
(Stevens, 1996; McCarthy, 1998; Bhattacharya, 2006; UN News, 2025) – sometimes even the 
“hottest in 100,000 years” (Associated Press, 2016; Hess, 2024). The dramatic nature of such 
headlines coupled with the fact that it seems to be continually recycled can lead to opposing re-
actions depending on the reader: for some, cynicism (“how many times has this boy cried wolf?”); 
for others, despair (“how many times must we hear this before something is done about it?”). 
However, in this article1, we will investigate how this “global temperature record” is constructed 
and discover that all of these headlines were based on flawed datasets that were never fit for 
purpose – due to a combination of what are called “non-climatic biases” in the individual temper-
ature records and the failure of the various “homogenization algorithms” that have been imple-
mented in a foolhardy attempt to correct for these biases. Along the way, we will discover that 
these homogenization algorithms effectively “rewrite history” on a monthly or even daily basis 
by continually altering the temperature records of each station according to the latest iteration of 
various computer algorithms. We will conclude by comparing the standard “global temperature 

 
1 This article is adapted from a presentation given by the author at EIKE’s 17th International Climate and 

Energy Conference (IKEK-17), Halle (an der Saale), Germany, 26-27 June 2026. At the time of writing., 
this presentation can be viewed on Youtube at either the CERES-Science channel at 
https://youtu.be/9mdFR04FfJM?si=oMlR1PYWTEnVEXjx or the EIKE channel at 
https://youtu.be/vH91b5toNLo?si=87gq8bjVonWd1a59.  
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records” to the much less dramatic or concerning temperature changes observed when you try to 
reduce these non-climatic biases without relying on automated statistical homogenization com-
puter algorithms. 

2. The limitations of the “global temperature data” 

2.1 Is there such a thing as a “global temperature”? 
Beforehand, however, we should first address a surprisingly basic question that is usually over-
looked in most discussions on this topic – does the Earth even have a “global temperature”? 
Nearly 20 years ago, Essex et al. pointed out in their article, “Does a global temperature exist?” 
(Essex, McKitrick and Andresen, 2007) and in a pop science book (Essex and McKitrick, 2007) 
that the Earth doesn’t actually have a “global temperature”. We all know this intuitively, it is 
warmer: in the summer than the winter; in the Sahara Desert than the Arctic tundra; at sea level 
versus at the top of the mountain; in the Earth’s magma versus in the stratosphere. However, 
Essex et al. demonstrate on physical, mathematical and observational ground that “there is no 
physically meaningful global temperature for the Earth” (Essex, McKitrick and Andresen, 2007). 
Recently, another speaker at this conference, Jonathan Cohler, has extended the arguments of 
Essex et al. to conclude that even the concept of a global mean surface temperature (GMST) 
anomaly index is “physically meaningless” and a “meaningless statistical artifact” (Cohler, 2025).  

While I agree with Cohler that Essex et al.’s observations on the concept of a “global temperature” 
for the Earth are valid and important, I think there is still potential scientific value in the concept 
of a GMST anomaly index – provided it is correctly recognized that it is not a “global tempera-
ture” per se. Indeed, Essex et al. emphasized that “an index need not be a physical variable ex-
plicitly” and that it can potentially be scientifically useful if “the statistic usefully encapsulates a 
possibly large set of data into one dimension for a specific purpose” (Essex, McKitrick and An-
dresen, 2007). However, they also caution that, “Proposing a statistic to be an index can be risky. 
What is regarded as ‘useful’ may prove to be quite imprecise and subjective”.  

When my late father (Dr. Michael Connolly, 1949-20252) and I published our first analysis on the 
“global temperature” datasets through a series of working papers that we shared for public open 
peer review on our Open Peer Review Journal3 website  (Connolly and Connolly, 2014c, 2014d, 
2014e, 2014b, 2014a), we explicitly grappled with the issues raised by Essex et al. in the Sup-
porting Information for (Connolly and Connolly, 2014e)4. We concluded that if temperature 
changes are experienced simultaneously across multiple parts of the world, then averaging to-
gether the temperature changes (as opposed to the temperatures themselves) into a regionally-
averaged (and potentially, globally-averaged) index can potentially be a scientifically useful way 
to collectively analyse these changes.  

This is typically done by converting each temperature record into an “anomaly” record of changes 
relative to the average temperature for that station. For instance, in Figure 1, we can see that the 
annual temperature changes experienced over the period 1960-2014 across the island of Ireland 
were remarkably similar – even though the temperatures themselves increased from the south of 
the island to the north, and each location experienced slight differences (Soon, Connolly and Con-
nolly, 2015, 2024).  

 

 
2 https://www.ceres-science.com/post/dr-michael-connolly-1949-2025  
3 https://oprj.net/  
4 See the file called “statistics_for_gridded_analysis.pdf” in the Supporting Information files at https:// 

doi.org/10.6084/m9.figshare.1004125.   
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Of course, having a lot of coherence between the temperature changes across a relatively small 
country is quite intuitive. However, this does not necessarily mean that the correlations hold on 
the other side of the world. Indeed, several studies have attempted to quantify the distances over 
which temperature changes are correlated, e.g., (Jones, Osborn and Briffa, 1997; Christiansen and 
Ljungqvist, 2017). It is found that the correlations between temperature records fall off with dis-
tance, but that stations even 1000s of kilometres apart often have meaningful correlations – espe-
cially over longer time scales – decadal changes are better correlated than annual changes which 
are better correlated than daily changes (Jones, Osborn and Briffa, 1997). Meanwhile, it has been 
observed that some temperature changes seem to affect multiple regions across the world simul-
taneously, e.g., cooling following major volcanic events or warming during El Niño events 
(Chylek et al., 2020).  

Hence, if we remember that a globally-averaged index of local temperature anomaly records is 
not “a global temperature record”, it could still be useful for investigating whether similar local 
temperature changes might be occurring simultaneously across large regions of the planet.  

As we will discuss, this optimistic desire needs to be tempered by the lack of good geographical 
coverage for much of the globe before the mid-20th century and the problem that most long tem-
perature records are plagued by various non-climatic biases. In my experience, most people using 
“global temperature” data either have never considered these problems, or they mistakenly as-
sume that the groups in charge of these datasets have adequately resolved the problems. Hence, 
establishing accurately how globally-averaged temperature anomalies have changed over the last 
century or longer is a much more challenging problem than most assume.  

Moreover, identifying that there have been globally-averaged temperature anomaly changes over 
a given period, does not in itself prove the cause. Current global climate models calculate that 
human-caused greenhouse gas emissions should have been causing unprecedented “anthropo-
genic global warming” and so this seems to have led to the presumption that any long-term “global 
warming” trend that is identified must be human-caused. However, it is important to remember 
that the model-based “attribution” studies that claim to have proven this, e.g., (Gillett et al., 2021), 
have substantially underestimated potential natural drivers of long-term climate change and over-
looked the possibility of non-climatic biases in the data, see e.g., (Soon, Connolly and Connolly, 
2015, 2024; Connolly et al., 2021, 2023; Soon et al., 2023). Indeed, temperature proxies suggest 
that the 19th century marked the end of a relatively cold period across much of the globe that is 
known as the “Little Ice Age” (Soon and Baliunas, 2003; Soon, Baliunas and Legates, 2003; Soon 
et al., 2003; Connolly and Connolly, 2014a; Christiansen and Ljungqvist, 2017). This suggests 
that if there has been a long-term “global warming” since then, at least some of this could repre-
sent a “recovery from the Little Ice Age” (Akasofu, 2010). 

Figure 1:  Comparison of the annual average temperature records for three different weather sta-
tions on the island of Ireland over a common period of reference (1960-2014). Adapted from Soon 
et al. (2015). See also Soon et al. (2024). 
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2.2 The monthly average temperature is not the average monthly temperature 
Some of the earliest weather station records were actually recorded indoors, e.g., Hohenpeißen-
berg (Winkler, 2009), although typically in uninsulated rooms. However, especially since the late-
19th century, outdoor measurements rapidly became the standard. In order to protect the thermom-
eters from the elements, they are normally housed in a Stevenson screen5 or a similar louvered 
shelter that blocks direct radiation and precipitation while allowing ventilation.  

The classic thermometer system is actually a pair of thermometers: a maximum–minimum ther-
mometer system (MMTS). The maximum thermometer has a marker that is pushed upwards 
whenever a new high is reached and the minimum thermometer has a marker pushed downwards 
by new lows. This means that if an observer takes the readings every day and then resets the 
markers for the next day, he/she can know the two temperature extremes that had been reached in 
the preceding 24 hours.  

By convention, the arithmetic mean of this daily maximum and minimum is treated as the “daily 
mean” even though it is clearly not the average temperature of the day – rather, it is just the 
average of the two extremes of the previous 24 hours. This can also lead to a subtle “time of 
observation bias” because if the observation time occurs near the time of day/night when temper-
ature extremes tend to occur, the extreme for the previous 24 hours might get doubled up for the 
next 24 hours (Karl et al., 1986; Connolly and Connolly, 2014e). Furthermore, if the observation 
time is later changed to a different time, this could introduce a non-climatic bias in the record 
(Karl et al., 1986; Connolly and Connolly, 2014e). 

Nonetheless, the fact that some average of the temperature variability of the preceding 24 hours 
period could be recorded with one daily observation was revolutionary before the invention of 
modern automated electronic thermometer systems. Hence, most “daily average temperature” 
records are of this form. In the schematic in Figure 2, we illustrate how these daily “averages” are 
typically then averaged into monthly averages and then afterwards the monthly temperature rec-
ords are often converted into “temperature anomalies” relative to a 30-year reference period at 
that station.  

 
These individual anomaly records then need to be averaged further to give us regional or even 
“global” averages. Several averaging techniques have been used, e.g., statistical kriging (Rohde 
and Hausfather, 2020), but one of the simpler approaches is the gridded average approach (Jones 
et al., 1986; Jones, Wigley and Wright, 1986): The globe is divided up into grid boxes. Then for 

 
5 Invented in 1864 by Thomas Stevenson, the father of the well-known author, Robert Louis Stevenson. 

Figure 2: Schematic infographic illustrating how daily minimum and maximum temperature read-
ings are converted into a monthly temperature anomaly series for a given weather station. This 
infographic was generated through iterative prompting of various AI LLMs. 
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a given month, all of the available stations in a given grid box are averaged to yield a “gridded 
average”. These grid averages are then typically area-weighted and averaged further to produce 
regional, hemispheric or global indices.  

Some readers might be wondering what should you do scientifically with the grid boxes without 
data? This is unclear, although in the Supporting Information for (Connolly and Connolly, 2014e), 
we considered several different approaches. However, a more challenging problem arises when 
stations are only available in many grids for some parts of the record. 

2.3 Geographical biases over time 
One of the main monthly temperature datasets used for calculating global land temperature anom-
alies is NOAA’s Global Historical Climatology Network (GHCN) (Lawrimore et al., 2011; 
Menne et al., 2018). When we first began our research on this topic, Version 3 of this dataset was 
available and this was an improved and updated version of the previous versions (Vose et al., 
1992; Peterson and Vose, 1997). Usefully, this dataset provided two different urbanization met-
rics (associated population and night-lights) for each station (Peterson et al., 1999). Although 
each urbanization metric was quite crude and approximate, we realized that by combining these 
metrics we could distinguish between the most rural stations (rural by both metrics) and the most 
urban stations (urban by both metrics) and all other stations (“semi-urban”).  

 
From Figure 3, we can already see several problems for any groups attempting to calculate “global 
temperature changes” since 1880 (or earlier), i.e., the groups whose “global temperature record” 
were used to justify the headlines we discussed in the introduction: 

• While there is reasonable geographical coverage for analysing the modern era, e.g., 2000 
AD, there was almost no coverage in the southern hemisphere for the earlier years, e.g., 
1880 AD. 

• The northern hemisphere coverage in the earlier years was mostly confined to Europe and 
North America – with some East Asian coverage. 

• The vast majority of the stations from either hemisphere with data in 1880 are now ur-
banized. As we will discuss later, urban stations tend to be warmer than the surrounding 
countryside due to the “urban heat island” (UHI) effect (Oke, 1973; Mills, 2008; Con-
nolly and Connolly, 2014c; Stewart, 2019). Hence, as these key temperature stations with 
long records have become urbanized over the years since 1880, we would expect their 
temperature records to have experienced a long-term localized warming due to the grow-
ing urban heat island that is not representative of the climate outside the urban areas, i.e., 
an “urbanization bias” (Ren et al., 2008; Connolly and Connolly, 2014c; Soon, Connolly 
and Connolly, 2015; Connolly et al., 2021; Scafetta, 2021; Zhang et al., 2021). 

• While there are more rural stations available for the modern era, e.g., 2000, most of the 
modern stations are also urbanized to some extent. 

Figure 3: Maps showing the stations available in version 3 of the GHCN dataset in 1880 (left) 
compared to 2000 (right). Degree of “current” urbanization (at the time of Peterson et al. 1999) is 
indicated using the legend. See text for details.  
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Version 3 comprised 7200 stations, 1200 of which were part of a high-density, relatively rural, 
dataset specifically for the contiguous United States (i.e., the states excluding Alaska and Ha-
wai’i) known as the United States Historical Climatology Network, USHCN (Menne, Williams 
and Vose, 2009; Katata, Connolly and O’Neill, 2023). However, as we saw from Figure 3, the 
data coverage was much less impressive in 1880. Indeed, most of the station records only began 
after 1950. A surprising legacy of the dataset compilation is that the sources for many of the 
stations (especially the rural stations) were only compiled up to 1990. This meant that there was 
a marked drop-off in station data before about 1950 and after 1990 (Soon, Connolly and Connolly, 
2015; Soon et al., 2018; Katata, Connolly and O’Neill, 2023). 

When NOAA switched to Version 4 in 2018, these drop-off problems were partially reduced, but 
only partially. They built the dataset up independently from the previous versions – even though 
many of the sources used for compiling Versions 1- 3 were re-used. This means that Version 4 is 
not backwards compatible with the earlier versions, e.g., a completely different station ID system 
is now used. Unfortunately, NOAA have so far neglected to estimate the degree of urbanization 
of the stations in the new dataset. So, the type of analysis in Figure 3 in terms of urban subsets is 
not as straightforward for Version 4.  

Nonetheless, analysing the spatial coverage including all stations regardless of urbanization re-
mains straightforward. From Figure 4 we can see that while the total number of stations has nom-
inally increased dramatically from 7,200 to ~20,000, most of the extra stations are from the con-
tiguous United States – a region that had already been relatively well covered in Version 3. The 
data for the earlier years remains mostly confined to Europe, North America, and some of East 
Asia, and the southern hemisphere only represents a small minority of the stations for the entire 
record.  

 
While the infamous “1990 drop-off” associated with previous versions has been partially allevi-
ated and is no longer obvious from the station counts in Figure 4(a), a close inspection of the 

Figure 4: The stations available in version 4 of the GHCN dataset. (a) number available for each 
year since 1880; (b)-(d) percentage of the dataset in (b) Contiguous U.S.; (c) the rest of the northern 
hemisphere; (d) the southern hemisphere; maps of stations with data available for (e) 1900 or (f) 
2018). Contiguous U.S. stations are shown in red.  
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available data reveals that for many regions, this has been achieved by introducing new short 
station records for the post-1990 period after the longer records have dropped out – see e.g., (Soon 
et al., 2018; Katata, Connolly and O’Neill, 2023). In some cases, if the old and new station records 
are suitable, it might be plausible to combine them into composite records, e.g., see (Christy, 
2026) – indeed, this was done for many stations in the original USHCN dataset (Karl, Diaz and 
Kukla, 1988). However, this should be done with caution and awareness that it could introduce 
additional non-climatic biases. 

So, when we see a “global temperature record” covering the period 1880 to present, 1850 to pre-
sent or even longer, we need to recognize that most of the stations used for calculating the post-
1950s part of the record were not available for the bulk of “the record” – just the most recent 
decades. We have also touched on another challenge – non-climatic biases in each of the individ-
ual temperature records. 

2.4 Non-climatic biases and the bias in the biases that are considered biases 
Figure 5 is a schematic infographic that provides an overview of the problem of non-climatic 
biases. The bottom panel shows a hypothetical temperature record that experienced multiple non-
climatic events over the course of the record that altered the temperatures afterwards. For sim-
plicity, this hypothetical record only experienced one bias at a time. However, it shows how a 
temperature record can be altered by many factors that have nothing to do with the regional cli-
mate: station relocation, change of instrument type or screen, change in observation time, growth 
of trees or buildings around the site, and urbanization of the surrounding landscape. 

 
In theory, these non-climatic biases could lead to either warming or cooling – or even a mixture 
of warming or cooling. However, anecdotally, something I have personally noticed from carefully 
reading the literature on non-climatic biases is that whenever the non-climatic biases lead to a 
long-term cooling trend, e.g., time of observation biases in the U.S. (Vose et al., 2003) or both 
signs, e.g., some changes in thermometer systems (Quayle et al., 1991; Hubbard and Lin, 2006), 
the groups compiling global temperature records seem to insist that these particular non-climatic 
biases need to be corrected for, i.e., adding extra warming to the data (Balling and Idso, 2002; 
Vose et al., 2003; Böhm et al., 2010). Yet, whenever the non-climatic biases lead to a long-term 
warming trend, there is considerable effort made to suggest that these non-climatic biases are 
trivial and/or not especially concerning (Jones et al., 1990; Li et al., 2004; Parker, 2006; Menne, 
Williams Jr. and Palecki, 2010). That is, there seems to me to be a bias in the types of biases that 

Figure 5: Schematic infographic for a hypothetical weather station record illustrating how various 
non-climatic factors can introduce non-climatic biases into a temperature record. This infographic 
was generated through iterative prompting of various AI LLMs. 
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are considered to be biases. 

With that in mind, let us briefly discuss two of these non-climatic biases that seem to have been 
unfairly dismissed due to them being of the wrong sign, i.e., introducing long-term warming bi-
ases. 

2.4.1 Urban warming bias 

We mentioned earlier that urban areas tend to be warmer than the surrounding countryside (the 
urban heat island). This was already noted for London, England as early as the early-19th century 
(Mills, 2008). Therefore, as a station’s surroundings urbanize, there is a serious risk that its record 
will experience a gradual, but long-term warming trend due to the growth of that UHI.  

This urban warming is a real climatic change, and human-caused. Since the majority of the 
world’s population live in urban areas, it is also a form of climate change that is experienced by 
many of us. Indeed, I have noticed that urban dwellers tend to be more concerned about unusual 
climate change than rural dwellers. But, urban warming is a localized climate change, and is not 
due to greenhouse gas emissions. So, if you are using urbanized stations to calculate global tem-
perature trends, or even regional temperature trends, then this UHI growth can introduce “urban-
ization bias”, i.e., a long-term warming that is not representative of the climatic changes that occur 
outside of the urban areas. 

 
We saw from Figure 3 that most of the stations with data available for the earlier parts of the 
record are urbanized. We can see this more starkly in Figure 6. Only 5 % of the stations in GHCN 
version 3 with data in 1850 are still rural, while 71 % of the stations with data in 1850 are now 
highly urbanized. Counterintuitively, this breakdown shows that while the rates of urbanization 
have accelerated in recent decades, because there has also been a considerable increase in the 
available rural stations, it is in many ways the earliest parts of the record that are most affected 
by urbanization biases (Connolly et al., 2021; Soon et al., 2023). This is because when looking at 
the temperature trends since 2000, only 25 % of the stations are highly urbanized and 20 % of the 
stations are still rural. But, if you are looking at the temperature trends since 1850, 71 % of the 
stations available to you are now highly urbanized and only 5 % are still rural. 

Despite this there have been multiple papers published over the years insisting that urbanization 
bias is a small or negligible problem, e.g., (Jones et al., 1990; Li et al., 2004; Parker, 2006; 
Wickham et al., 2013). In particular, the UN’s Intergovernmental Panel on Climate Change 
(IPCC) reports have repeatedly asserted since their 4th Assessment Report (IPCC, 2007) to their 
most recent 6th Assessment Report (IPCC, 2021) that the magnitude of urbanization bias is less 
than 10% of the reported global temperature trends – with the implication that this is not a major 
concern. 

However, in one of our first working papers, we investigated each of these studies in turn and 

Figure 6: Breakdown of the stations in Version 3 of the Global Historical Climatology Network 
dataset with data available for 1850 (left) compared to 2000 (right), according to their current 
degree of urbanization. 
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found fundamental flaws in each case that either negated their conclusion or showed their con-
clusion to be unjustified by their analysis (Connolly and Connolly, 2014c). In another working 
paper, we demonstrated that urbanization bias was a significant problem for the U.S. at least – 
where there was enough data for a rigorous analysis (Connolly and Connolly, 2014e). In later 
peer-reviewed papers, we confirmed these preliminary findings for the U.S. also apply more gen-
erally across the northern hemisphere and shown that urbanization bias is greater than the IPCC’s 
“<10 %” optimistic estimate (Soon, Connolly and Connolly, 2015; Soon et al., 2018, 2023; Con-
nolly et al., 2021; Katata, Connolly and O’Neill, 2023). Other groups have also independently 
shown that urbanization bias is more substantial than the IPCC maintains, e.g., (Scafetta, 2021; 
Zhang et al., 2021; Spencer, Christy and Braswell, 2025). 

One blind spot seems to be that most of the “homogenization” algorithms used by the various 
groups in an attempt to correct for non-climatic biases only focus on “step change biases” and 
ignore “trend change biases”, e.g., (Easterling and Peterson, 1995; Menne and Williams, 2009). 
As we saw from Figure 5, urbanization biases are generally of the latter type. 

Hence, it turns out that NASA GISS is the only major group that has attempted an explicit urban-
ization adjustment, using night-lights or population to classify stations and then forcing urban 
trends to match nearby rural trends (Hansen et al., 2001, 2010). Yet, their GISTEMP global tem-
perature record looks remarkably similar to the global temperature records of the other groups 
that do not include any explicit correction for urbanization bias. This appears to have convinced 
the other groups that correcting for urbanization bias is not especially important. However, when 
we downloaded and analysed all of NASA GISS’s urbanization adjustments for another of our 
early working papers, we discovered that their algorithm was completely flawed and was appar-
ently never stress-tested (Connolly and Connolly, 2014d).  

We found that the great majority of the station adjustments involved “urban cooling” adjustments; 
that the net effect on the global series was unrealistically small (especially after 1990, when ur-
banization should have increased), and that highly urbanized stations were left essentially unad-
justed in recent decades. Another feature that might surprise many readers is that because their 
algorithm was designed to adjust the earlier “less urbanized” part of the records to match the most 
recent parts of the records, every month their algorithm applies a fresh set of adjustments to the 
~50 % of their stations they identify as “rural” (Connolly and Connolly, 2014d). Hence, each 
month, they effectively “rewrite” the temperature history of about half of their records. 

2.4.2 Siting biases – a different warming bias from urbanization bias 

Urban heat islands can increase the temperatures of large regions – covering many square kilo-
meters depending on the size of the urban areas. Some researchers have mistakenly assumed that 
if a station is located within an urban park, for instance, that this would remove the problem 
(Peterson, 2003). However, even if an urban park is relatively cool compared to the non-green 
areas (“the urban park cooling effect”), it can still be warmer than outside of the urban area (Gaffin 
et al., 2008). Indeed, (Stewart and Oke, 2012) have cautioned that many “rural/urban” 
comparative studies are really urban parks vs. urban non-green areas. 

We should avoid conflating the large-scale urban heat island effects with local climate differences 
associated with the station’s microclimate, i.e., the local environment within 30-100 metres of the 
station. However, it turns out that non-climatic biases can also arise from changes in the micro-
climate. From 2007 - 2011, the “Surfacestations” project, a voluntary “crowd-sourced” survey of 
the microclimate of most of the stations in the U.S. Historical Climatology Network revealed that 
a large majority of these stations fail standard siting requirements. Poorly sited stations included 
those located in parking lots, near air-conditioning exhausts, surrounded by asphalt, or even on 
top of roofs. When the temperature trends of the worst-sited stations were compared to the best-
sited stations, it became apparent that poor siting typically leads to warming biases relative to 
good siting (Fall et al., 2011; Connolly and Connolly, 2014b). 

A high profile study by the NOAA group in charge of the USHCN conceded this, but argued that 
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after NOAA had applied their automated statistical Pairwise Homogenization Algorithm (PHA) 
to the data, there was very little difference between the badly-sited and well-sited stations (Menne, 
Williams Jr. and Palecki, 2010). They argued that this meant their homogenization algorithm was 
automatically able to correct for these non-climatic biases. A study involving several of the or-
ganizers of the survey conceded that the homogenized trends were similar for all stations, but 
argued that even after homogenization there were non-climatic biases in the differences between 
the maximum and minimum temperatures – suggesting that the homogenization algorithm was 
not entirely removing the biases (Fall et al., 2011). 

In another of our working papers, we independently evaluated the results from this Surfacestations 
project (Connolly and Connolly, 2014b). The key results are reproduced here in Figure 7. We 
confirmed that the warming trend associated with each subset of the stations generally increased 
the worse the siting quality (top panel). Although correcting for time-of-observation biases 
seemed to add some long-term warming, it also seemed to make the siting biases more pro-
nounced (middle panel). However, while we nominally confirmed (Menne, Williams Jr. and Pal-
ecki, 2010)’s finding that the trends were similar among all subsets after homogenization, we 
showed that this arose by adding extra warming to the well-sited stations and slightly removing 
warming from the worst-sited stations until all stations had similar trends to the most common 
subset, i.e., the poor quality stations that made up 64 % of the network (bottom panel).  

 
That is, we showed that NOAA’s homogenization adjustments were effectively spreading the 
siting biases between all stations until they all showed similar trends to the poor quality stations. 

While our analysis was strictly confined to the USHCN dataset since those were the stations that 
had been surveyed, preliminary surveys of other stations around the world at the time were sug-
gesting that poor siting was a worldwide problem (Connolly and Connolly, 2014b). But, let us 
now consider in more detail these homogenization adjustments. 

Figure 7: Comparison of the 1895-2011 linear temperature trends of each of the subsets of USHCN 
stations sorted by the Surfacestations team according to their siting quality. Top panel shows the 
trends for the raw unadjusted data; middle panel is after applying time-of-observation bias adjust-
ments; bottom panel has also had NOAA’s PHA adjustments applied. Adapted from Connolly & 
Connolly (2014b). 
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3. The current “solution”: Automated statistical homogenization 
The principle behind temperature homogenization is the recognition that multi-decade long tem-
perature records are likely to contain multiple non-climatic biases, e.g., some of those described 
in Figure 5. From a philosophical perspective, some scientists might argue that it is better to ana-
lyse these records as they were – despite the biases – since those were the measurements that were 
actually recorded, e.g., (Courtillot et al., 2008). Indeed, if the biases are equally likely to be of 
either sign and occur at relatively randomly intervals for each station, then one might argue that 
“the random component of such errors tends to average out in large area averages and in calcula-
tions of temperature change over long periods” (Hansen et al., 1999).  

Other scientists (including myself) would argue that if the observers noted that they had made a 
systematic change to how they were measuring temperature after a specific date and that this 
altered all subsequent temperature readings, then carefully applying a suitable correction to the 
station’s temperature record can be scientifically justifiable and improve the reliability of your 
subsequent analysis. 

For example, for (Soon, Connolly and Connolly, 2015), when analysing the station record for 
Valentia Observatory, Ireland - a significant record in that it is one of the longest and most com-
plete stations (1869-present) that still remains relatively rural – we visited the station and con-
sulted the station observers who provided us with “station history metadata” that documented 
known changes in how the temperatures were recorded over the preceding 145 years. For the two 
most recent events (a station move in 2001 followed by a change in 2012 to an automated elec-
tronic thermometer system), the observers also kindly provided us with 2 years of parallel meas-
urements taken before and after the change. This allowed us to calculate that the 2001 station 
move led to a slight cooling bias, but that the 2012 instrument change gave almost identical read-
ings (Soon, Connolly and Connolly, 2015). 

I would also argue that if we know that some non-climatic biases are systematically of one sign 
and/or are not randomly distributed, that we should take this into account in our analysis. For 
instance, we discussed above how most of the longest station records available are now highly 
urbanized and therefore possibly contaminated by a long-term urban warming bias (Soon, Con-
nolly and Connolly, 2015; Connolly et al., 2021; Soon et al., 2023). Similarly, the Surfacestations 
project revealed that the majority of stations (in the USHCN at least) are affected by siting biases 
due to poor siting (Fall et al., 2011; Connolly and Connolly, 2014b). 

Yet, what should we do when we suspect that there are non-climatic biases in a station’s temper-
ature record but we do not have much or any relevant station history metadata? Or what do we do 
when we have station history metadata documenting a significant non-climatic change but we do 
not have any parallel measurements to quantify what bias, if any, this introduced? 

The solution that most of the groups involved in compiling regional or global temperature series 
have converged on is to use statistical homogenization algorithms to statistically identify non-
climatic jumps (“breakpoints”) in each station record and to apply corrections to the records to 
remove these jumps (Easterling and Peterson, 1995; Reeves et al., 2007; Menne and Williams, 
2009; Skrynyk et al., 2019; Domonkos, 2021).  I should note that researchers homogenizing re-
gional temperature datasets will often combine their analysis explicitly with station history 
metadata, e.g., (Skrynyk et al., 2019), but most of the groups generating global temperature rec-
ords rarely even consider the use of station history metadata (Jones, Wigley and Wright, 1986; 
Hansen et al., 2010; Menne et al., 2018; Rohde and Hausfather, 2020; Osborn et al., 2021). 

3.1 What is temperature homogenization? 
The infographic in Figure 8 describes the general outline of a typical temperature homogenization 
algorithm, e.g., NOAA’s Pairwise Homogenization Algorithm (PHA) that is currently used to 
homogenize the GHCN dataset. The exact algorithm varies between different groups, e.g., (East-
erling and Peterson, 1995; Reeves et al., 2007; Menne and Williams, 2009; Skrynyk et al., 2019; 
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Domonkos, 2021). However, the basic principle is usually something similar to the following: 

• The monthly temperature record of each station is analysed by comparison with the tem-
perature records of neighbouring stations. In NOAA’s original homogenization algorithm 
for the GHCN dataset, this was done by constructing a composite reference series that 
was the average of five neighbours (Easterling and Peterson, 1995). The current method 
compares each station iteratively to up to 100 neighbours, one pair at a time (Menne and 
Williams, 2009). 

• A temperature difference series is created between the target station’s record and its ref-
erence record. 

• A statistical test for any abrupt jumps in the difference series is applied and any jumps 
that pass the test are considered as potential “breakpoints”, i.e., non-climatic biases. 

• If a breakpoint is identified as (a) being statistically significant and (b) associated with 
the target series as opposed to the reference series, then it is assumed to be a non-climatic 
bias. The sign and magnitude of this bias is determined by comparing the values before 
and after the breakpoint. 

• If station history metadata are used, then either (a) only breakpoints that coincide with a 
documented event are adjusted, or (b) breakpoints that are associated with a documented 
event are given a lower threshold to be considered as requiring adjustment. Note that most 
of the global temperature groups rarely, if ever, use station history metadata. 

 
In principle, the adjustments could be applied to either (a) bring the most recent temperatures into 
line with the temperatures at the start of the record, or (b) bring the earliest temperatures into line 
with the temperatures at the end of the record. The former approach means that all new monthly 
temperature values will need to be adjusted, while the oldest measurements will remain constant. 
However, the latter approach means that every time there is a new data point added to the record, 
the entire record might have to be recalculated so that the earliest data points match the latest. 
Since these temperature records are typically then converted into temperature anomaly records, 
the choice is often somewhat arbitrary. But, philosophically, the latter approach effectively means 
that the earlier parts of the homogenized temperature record are continually being rewritten when-
ever new breakpoints arise. 

One thing that has been repeatedly confirmed is that after such a temperature homogenization 
algorithm is applied to a temperature dataset, the temperature records all converge to having sim-
ilar trends to their neighbours (Menne, Williams Jr. and Palecki, 2010; Fall et al., 2011; Hausfa-
ther et al., 2013; Connolly and Connolly, 2014e; Katata, Connolly and O’Neill, 2023). In other 
words, the temperature records become much more “homogeneous” after homogenization. How-
ever, does that mean that the homogenization adjustments have correctly identified and removed 

Figure 8: Schematic infographic illustrating the basis and workflow for a typical automated statis-
tical temperature homogenization algorithm. This infographic was generated through iterative 
prompting of various AI LLMs. 
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the non-climatic biases from the data? Or are the homogenization adjustments merely making the 
station records more homogeneous with respect to each other? 

Until recently, most of the attempts to address this have focused on assessing how well the algo-
rithms perform when applied to synthetic temperature records that have had artificial biases added 
to them. These are often referred to as “benchmarking” experiments (Venema et al., 2012; Wil-
liams, Menne and Thorne, 2012). These experiments are typically carried out as collaborations 
where one researcher will synthesise a dataset of multiple physically plausible temperature rec-
ords and then artificially introduce breakpoints into a large number of the records. The homoge-
nization team will be simply handed the dataset and asked to use their algorithm to identify and 
correct any non-climatic biases. The other researcher then compares the proposed homogenization 
adjustments to their secret list of actual breakpoints. He/she then calculates how many true posi-
tives (correctly removing a bias), false positives (incorrectly applying an adjustment when none 
was needed), and false negatives (failing to identify a bias). Such synthetic experiments have 
shown that NOAA’s PHA, and various other homogenization algorithms, are able to successfully 
homogenize these synthetic records with high true positives and low false positives and negatives, 
e.g., (Venema et al., 2012; Williams, Menne and Thorne, 2012). 

This seems to have convinced many in the homogenization community that the algorithms are 
doing a good job and improving the accuracy of the temperature records (Reeves et al., 2007; 
Venema et al., 2012; Menne et al., 2018; Lund et al., 2023). However, how do these algorithms 
fare when applied to real temperature records? 

3.2 Does it work on real temperature data? 
NOAA re-run their PHA on their GHCN datasets roughly once per day. They overwrite the older 
version with the new one. In 2015, we noticed when we compared the homogenized data that we 
had downloaded on different days, that the homogenization adjustments that NOAA applies to 
each station often changed radically (Soon, Connolly and Connolly, 2015). We also noticed that 
the homogenization adjustments NOAA was applying to the Valentia Observatory record we had 
specifically analysed had no match to the station history metadata we had been provided (Soon, 
Connolly and Connolly, 2015).  

Afterwards we discovered that a colleague, Peter O’Neill, had independently noticed the incon-
sistency in NOAA’s homogenization adjustments and had begun archiving the GHCN datasets 
from 2011 – initially intermittently, but eventually on a daily basis. We also noticed that, in recent 
years, there has been considerable effort placed into digitizing station history metadata for many 
stations, e.g., (Przybylak, 2010; Brázdil et al., 2012; Wypych, Ustrnul and Schmatz, 2018; 
Skrynyk et al., 2019; Chimani et al., 2020). 

In (O’Neill et al., 2022), we decided to combine these two efforts to carry out a more practical 
assessment of NOAA’s PHA adjustments. We collaborated with some of the groups compiling 
station history metadata in Europe and also identified any other published station history metadata 
we could find in the literature or public archives. In total, we found station history metadata for 
more than 800 European stations. We then analysed O’Neill’s archive to identify all the different 
breakpoints NOAA had applied to these stations over the ~3,600 different GHCN datasets he had 
downloaded.  

The key results are summarized in Figure 9:  

• Only about 17 % of the adjustments to a given station were applied consistently. 
• Only about 19 % of the breakpoints coincided with a documented station event.   

We would not have been surprised if the algorithm was identifying some undocumented events, 
but it was surprising that only a small minority of the adjustments coincided with documented 
events. However, an especially concerning aspect of their adjustments was that the adjustments 
applied to a given station often changed wildly from one day to the next. This means that, for 
example, a researcher who downloaded the dataset on Tuesday might have a completely different 
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temperature record for a station than their colleague who had downloaded the dataset on the pre-
vious Friday. 

 
The findings of (O’Neill et al., 2022) revealed that NOAA’s PHA adjustments rarely coincide 
with documented station history events and are remarkably inconsistent – despite the algorithm 
performing very well in the synthetic benchmarking experiments (Venema et al., 2012; Williams, 
Menne and Thorne, 2012). This is important since NOAA’s PHA-adjusted version of the GHCN 
dataset is the main dataset used for NOAA, NASA and JMA’s global temperature series and a 
secondary dataset for CMA and CRU’s equivalents. However, in a separate study, we demonstrate 
that there is a more systemic statistical flaw that is common to all of the current temperature 
homogenization algorithms, i.e., “urban blending”. 

3.3 The urban blending problem 

 
In (Katata, Connolly and O’Neill, 2023), we showed that all of the current temperature 

Figure 9: Summary of the key findings of our analysis in O’Neill et al. (2022). The left panel indi-
cates how consistently a given set of homogenization adjustments were applied to each station. The 
middle panel shows the location of the stations used for our analysis. The right panel indicates how 
often a homogenization adjustment coincided with a documented station event (“Match found”) or 
occurred within 1-3 years of a documented event (“Possible match”). 

 

Figure 10: Schematic infographic illustrating how current temperature homogenization algorithms 
lead to urban blending as currently implemented. This infographic was generated through iterative 
prompting of various AI LLMs. 
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homogenization algorithms are prone to a statistical problem that we call “urban blending. The 
schematic in Figure 10 summarises the essential problem: 

• When a breakpoint is identified in a station, the adjustments applied to “correct” for the 
apparent non-climatic bias are calculated by comparing the difference series before and 
after the breakpoint. 

• However, if the neighbours used for calculating the difference series are more urbanized 
than the target station, the calculated adjustments may incorporate any urbanization bias 
experienced by that neighbour over the comparison period. 

• This means that during homogenization, rural stations will tend to have urban warming 
added to their records to better match the trends of its more urbanized neighbours. 

• The opposite process also occurs for the most urbanized stations, i.e., if an urban station 
experienced more urban warming around the time of a breakpoint than its neighbours, the 
homogenization adjustment will have additional cooling added. 

• The net result is that homogenization will tend to spread urban warming biases among all 
stations until all stations in a region have about the same degree of urban warming to the 
average of the neighbours in that region. 

• This process can potentially occur every time a breakpoint is identified in the target sta-
tion and it is independent of whether the breakpoint is a genuine non-climatic bias or not. 
So, the more breakpoints are identified in a dataset, the more widespread this urban blend-
ing.  

As well as demonstrating the theoretical reason for this phenomenon, (Katata, Connolly and 
O’Neill, 2023) specifically evaluated the extent of this effect for two different countries: Japan 
and United States, and confirmed that it is real and substantial in both cases. This explains why 
so many studies had incorrectly concluded that homogenization was removing urbanization bias, 
e.g., (Li et al., 2004; Menne and Williams, 2009). After homogenization, rural and urban stations 
all show similar trends, but not because the urbanization biases had been removed. Rather, the 
homogenization process leads to urban blending. 

We noted that a similar process could also potentially apply to other non-climatic biases that are 
common to multiple neighbours, such as siting biases. This therefore explains how the siting bi-
ases also get blended between stations after homogenization (Menne, Williams Jr. and Palecki, 
2010; Fall et al., 2011; Connolly and Connolly, 2014b). 

We suggested two potential ways that current homogenization algorithms could be adapted to 
reduce the urban blending problem: 

1. Stations could be homogenized only using neighbours that have a similar degree of ur-
banization, i.e., using rural neighbours to homogenize rural stations and urban neighbours 
to homogenize urban stations. 

2. Not calculating the homogenization adjustments from the difference series, but assuming 
that any temperature jump in the target station’s record after the breakpoint was a non-
climatic bias.  

In principle, all stations could potentially be used for identifying the breakpoints. The key issue 
is whether to use them for also calculating the sign and magnitude of the bias. 

The first method has the disadvantage that if there are a lot of additional non-climatic biases in 
the dataset, e.g., siting biases, they might potentially be blended during homogenization. How-
ever, the second method risks conflating any genuine temperature jumps that might have coinci-
dentally occurred during the breakpoint as “non-climatic”. 

4. Bypassing the above problems: our rural Northern Hemisphere temperature re-
construction 
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Alternatively, another approach might be to not rely on these automated statistical homogeniza-
tion algorithms. This was a path we had also worked on for more than six years (Soon, Connolly 
and Connolly, 2015; Connolly, Connolly and Soon, 2017; Soon et al., 2018, 2019; Connolly et 
al., 2021) yielding results that led to insightful collaborations with dozens of researchers (Con-
nolly et al., 2023; Soon et al., 2023). 

4.1 Using GHCN version 3 to reconstruct rural temperatures from 1850-2018 
Rather than rely on automated homogenization we identified the longest, most rural stations in 
GHCN version 3, applied only well-documented, metadata-supported corrections, and con-
structed a Northern Hemisphere rural-only land series (Connolly et al., 2021; Soon et al., 2023).  

In Figure 11, we first compare the conventional “all-stations” (urban-plus-rural, homogenized) 
series we get without taking these extra steps to the equivalent time series for the other main 
groups. Our series (solid black) agrees with all of the other estimates. This suggests that any other 
differences between our methodology and those of the other groups are relatively trivial (Con-
nolly et al., 2021). 

 
Yet, we can see from Figure 12 overleaf that our rural-only approach (bottom panel) leads to 
noticeably different results from the standard approach of using automated homogenization and 
all stations regardless of urbanization. For instance, the long-term (1850–2018) linear trend is 
approximately 0.55 °C century⁻¹, compared with 0.89 °C century⁻¹ for the standard all-station 
homogenized series. This implies urbanization bias and/or homogenization artefacts contributed 
up to 38 % of the apparent warming in the standard version. Meanwhile, the rural series suggests 
an almost cyclical variation in temperatures over the course of the record – warming from the 
late-19th century until the 1940s; cooling until the 1970s; warming since the 1980s. 

4.2 How does our reconstruction compare to other temperature reconstructions? 
In Figure 13 overleaf, we compare our rural-only series to various other independent estimates of 
Northern Hemisphere temperature changes since 1850 (and a few other climate change indica-
tors). Surprisingly, while each estimate is constructed from very different data sources, they each 
imply qualitatively similar trends to the rural-only record (with the exception of worldwide pre-
cipitation which does not show much trend if any), i.e., they all are consistent with a general 
warming from the end of the 19th century to the 1940s, followed by a general cooling until the 
1970s, followed by a general warming to present. 

 

Figure 11: Comparison of the Northern Hemisphere land surface temperature series our method-
ology produces if we include the homogenized versions of all stations (urban and rural) – black 
solid line – to the equivalent series by other groups. Adapted from Soon et al. (2023). See Connolly 
et al. (2021) for details on each temperature series. 
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Figure 12: Comparison of the Northern Hemisphere land surface temperature series our meth-odology 
produces if we include (a) the homogenized versions of all stations (urban and rural) vs. (b) our rural-only 
series. Adapted from Soon et al. (2023). See Connolly et al. (2021) for de-tails on how each temperature 
series was constructed. 

 

 
Figure 13: Comparison of our rural-only series to various other independent estimates of Northern 
Hemisphere temperature changes since 1850. See the sources indicated in each panel for details on how 
each temperature series or other climate change indicator was constructed. 

4.3 Ongoing efforts to update and improve our analysis using GHCN version 4 
Version 3 of the GHCN was discontinued in 2019. And Version 4 is not backwards compatible 
with version 3 and does not provide any urbanization metrics. Therefore, to update our rural-only 
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record and improve on it, considerable ongoing work is necessary. We have already carried out 
some work on developing new (improved) urbanization metrics for the Version 4 stations (Soon 
et al., 2018; Katata, Connolly and O’Neill, 2023). However, we would also like to expand on the 
compilation of station history metadata that was begun in (O’Neill et al., 2022). We also are 
considering availing of Peter O’Neill’s archive of daily PHA runs to identify potential undocu-
mented but persistent breakpoints. Finally, we think that the two statistical approaches to mini-
mising urban blending we outlined in Katata et al. (2023) should be considered if statistical ho-
mogenization is to be continued. 

5. Conclusions 
There is no “global temperature” for the Earth, but averaging together temperature anomaly rec-
ords from across the globe can potentially provide an index for describing widescale multi-deca-
dal climatic changes. Unfortunately, until the mid-20th century, most of the weather station data 
available is heavily biased towards North America and Europe with some East Asian coverage. 
Most of these earlier stations were in areas that are now highly urbanized – and therefore poten-
tially contaminated by urban warming. Nonetheless, this limited data suggests that the 20th cen-
tury was warmer than the late-19th century. However, temperature proxies from across the globe 
suggest that on average the late-19th century coincided with the end of the Little Ice Age, i.e., a 
relatively cold period globally.  

When we exclude stations that are potentially contaminated by urban warming, the data is too 
limited for the southern hemisphere to consider a global analysis. However, the rural data suggest 
that the northern hemisphere underwent a widespread cooling from the 1940s to the 1970s. The 
rural data confirm a general warming since then. Although this description of multidecadal tem-
perature changes disagrees with the common narrative of a continuous “global warming” since 
the mid-19th century, it is surprisingly consistent with the trends implied by multiple independent 
estimates of northern hemisphere changes since the 1850s, i.e., sea surface temperatures, temper-
ature proxies, weather balloons, satellites, ocean heat content measurements, etc. 

The statistical homogenization techniques that current groups are relying on to remove any non-
climatic biases from the temperature data might perform well on synthetic data, but they perform 
poorly on the real, incomplete, urban-contaminated datasets that are available. In particular, the 
adjustments from NOAA’s widely used Pairwise Homogenization Algorithm change from day to 
day, rarely match the written station history, and systematically blend urban warming into rural 
records.  

Claims that each new year is “the hottest on record” or “the hottest in 100 000 years” therefore 
rest on a short, geographically biased, heavily adjusted instrumental series whose adjustments 
change from day to day and only rarely match documented station events. 
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