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When conducting urban forest inventories, complete or partial inaccessibility of sample plots results in non-response for a portion of the selected sample. Unfortunately, the non-response is rarely random and thus a potential bias may be imparted in the sample and associated data analyses. In this study, results from an alternative estimation method that employs response homogeneity groups (RHGs) appeared to be more robust to non-random non-response when compared to those of a standard estimation method. Across the six cities studied, the total non-response rates varied from 8.0 to 20.4%. Percent differences between the two methods in estimated number of trees ranged from −0.7 to 12.6%; whereas 1.4 to 14.8% differences were found for tree biomass density. While these differences only approximate the amount of non-response bias present under standard estimation methods, there is a clear indication that misleading results may be obtained if non-response bias is not adequately addressed. By implementing methods that mitigate potential non-response bias, urban forest inventory practitioners would increase the reliability of information used by city planners to make effective management and policy decisions.
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INTRODUCTION

A problem common to nearly all sample-based surveys is partial or complete non-response from some of the selected sample units. In urban forest inventories, the issue arises when the desired information cannot be obtained from the field plot area (or a portion thereof). It is usually the case that access to the area is denied by the landowner, although other reasons such as hazardous conditions can also preclude collection of the requisite data (Patterson et al., 2012; Corona et al., 2014). The magnitude of non-response in urban forest inventory can vary considerably with non-response percentages ranging from essentially trivial (<2%) to nearly 40% (Westfall et al., 2022a). The total non-response is comprised of complete non-response (the entire plot is unobservable) as well as partial non-response (only a portion of the plot is unobservable). Urban environments tend to have smaller parcel sizes than rural areas, which may result in higher prevalence of partial non-response outcomes. In standard estimation approaches, it is often assumed that non-response occurs randomly and thus minimal bias is incurred. In practice, non-response can be non-random with respect to various factors and the assumption is often not satisfied (Heffetz and Reeves, 2019). For example, in urban forest inventories non-response rates may vary systematically by amount of tree canopy, socio-economic conditions, and/or land cover type, which may cause unbalanced representation of site and tree attributes in the sample data (Westfall et al., 2022a). In the context of urban forest inventory, the potential bias implications from non-random patterns of non-response have received little attention.

Given that non-response is almost always present and the magnitude is unknown until after the sampling effort has been completed, it is sensible for urban forest inventory practitioners to develop strategies to mitigate any non-response bias in subsequent sample-based estimates. While the specific study of urban inventory non-response bias is lacking in the literature, the issue has garnered some attention from traditional forest inventory practitioners. Non-response bias resulted in underestimation of forestland area by about 4% in New Mexico, United States (Goeking and Patterson, 2013), nearly 6% underestimation of growing stock volume was found in Central Italy (Corona et al., 2014), and underestimation of forestland area of 2.9% based on a synthetic population and 0.1–3.6% (mean = 1.5%) across 10 states in the northern United States has been reported (Westfall, 2022).

In general, considerable study has been done on effects of non-response and potential mitigation approaches (Little and Rubin, 2002; Särndal and Lundström, 2005). In the United States national forest inventory, efforts include defining strata and/or subpopulations wherein the response probabilities for each sample plot are considered to be approximately equal and non-response plots likely have similar characteristics to the response plots (Goeking and Patterson, 2013; Gormanson et al., 2018). However, these approaches have not been implemented into similarly conducted urban forest inventories (Edgar et al., 2021) such that non-response bias of unknown magnitude and direction may be extant. This may be of concern for city managers and policy makers as actions based on inaccurate data may not achieve intended outcomes for key objectives related to temperature amelioration, tree canopy cover, and other issues important to urban inhabitants. Thus, the objectives of this study are to (1) assess amounts of partial and complete plot non-response rates, (2) present the standard estimation method and an alternative method that better accounts for non-response, and (3) assess differences in estimates of number of trees and total tree biomass as a potential indicator of non-response bias magnitude and direction.



MATERIALS AND METHODS


Data

The data used in this study are from urban forest inventories conducted by the Forest Inventory and Analysis (FIA) program of the U.S. Forest Service. FIA urban inventories use a quasi-systematic sampling design similar to that employed in the national forest inventory (Reams et al., 2005) but is intensified to target a minimum of 200 plots within the urban population (Edgar et al., 2021). The sample units consist in part of a circular plot having 14.63 m (48 ft) radius where information is collected on site characteristics and trees having diameter at breast-height (dbh) of 12.70 cm (5.0 in.) and larger (Figure 1). The plot design also includes four 2.07 m (6.8 ft) radius microplots with centers occurring at 3.66 m (12 ft) from plot center in each of the cardinal directions. Microplot measurements include trees having dbh from 2.54 cm (1.0 in.) to 12.45 cm (4.9 in.). Tree frequency and tree biomass serve as the attributes of interest to examine effects of non-response on population estimates. A mapped plot protocol is implemented which allows for quantification of partial non-response (i.e., portions of plots). Also relevant to non-response is that information for plots with no trees can often be obtained visually without physically occupying the plot area, such that plots without trees are usually not subject to non-response.
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FIGURE 1. Urban inventory plot configuration used by the United States FIA program.


Study cities reflect a broad diversity of regions in the United States. The cities and year of most recent data availability were Chicago, IL (2019), Kansas City, MO (2018), San Diego, CA (2018), St. Louis, MO (2018), Portland, OR (2018), and Austin, TX (2018). Non-response can generally be quantified to (1) determine the percent of plots where no measurements were taken (only complete non-response plots), and (2) assess the percent of plot areas that were inaccessible for measurement (includes both complete and partial non-response plots). Respectively, these statistics can be calculated as:
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Where CNR% is the complete non-response percentage, TNR% is the complete and partial non-response percentage, pi(NR) is the non-response area proportion of plot i, δi = 1 when plot i is complete non-response or 0 otherwise, and n is the sample size for all plots selected into the sample. The percentage of non-response specifically due to partial plot inaccessibility is PNR% = TNR%−CNR%. Relevant statistics for each city, including sample size and rates of complete and partial non-response, are provided in Table 1.


TABLE 1. Summary information for urban forest inventories from six cities in the United States.

[image: Table 1]


Standard Estimation Procedure

The post-stratified estimation methods used in FIA national forest inventory (Scott et al., 2005) are applied to FIA urban inventories as well. For the urban inventories, post-strata are initially created using the 2016 NLCD land cover class map (Jin et al., 2019) with plot assignments to strata being determined from plot center coordinates. A minimum of 10 plots per stratum is strived for, with some exceptions (e.g., open water), such that often classes need to be collapsed to attain reliable estimates of stratum means and variances. Collapsing involves grouping of similar land cover classes, e.g., all classes of undeveloped land are combined into a single stratum. Once the final stratification scheme has been determined, stratum weights (wh) are calculated as the number of map pixels in the stratum divided by the total number of map pixels in the population (city). Estimation proceeds by dropping any plots that were entirely inaccessible and no response was obtained. For the remaining plots, accounting for plots having partial non-response requires calculation of an adjustment factor in each stratum h and this factor is used to adjust the values for all observed (at least partially accessible) plots within the stratum.
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Where [image: image] is the partial plot adjustment factor for stratum h, ahi is the proportion of the plot area measured on plot i in stratum h, mh is the number of plots with partial or full area measurement in stratum h, [image: image] is the observation (tree count or biomass, expressed per ha) for plot i in stratum h, and yhi is the observation from sample plot i in stratum h adjusted for partial non-response in stratum h. If there are no plots in stratum h having partial non-response, [image: image] = 1. Separate partial non-response adjustment factors are calculated for the plot and the microplot areas.

Stratum means and variances are then calculated using:
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Where [image: image] is the mean of stratum h and [image: image] is the variance of the mean in stratum h. The population estimate and associated uncertainty are attained by combining across all h = 1, …, H strata:
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Where [image: image] is the estimated population total, AT is the area of the population (ha), m is the total number of observed plots, [image: image] is the estimated standard error of the population total, [image: image] is the estimated variance of the population total, and [image: image] is the standard error as a percentage of the estimate (Scott et al., 2005).



Alternative Estimation Procedure

A key assumption in the standard estimation procedure is that complete non-response plots have characteristics that are on average equal to the mean of the stratum in which they occur. If this assumption holds, no bias due to complete non-response in incurred. However, research has shown cases in which this assumption fails and the resultant effects on estimated population totals (Goeking and Patterson, 2013; Corona et al., 2014; Westfall, 2022). Further, the partial plot adjustment factor method of the standard approach produces bias in variance estimates (Van Deusen, 2005; Westfall et al., 2022b). Building on the work of Goeking and Patterson (2013) and Westfall (2022) presented estimators in a national forest inventory context where sample plots were grouped based on similar probabilities of obtaining a response [response homogeneity groups (RHG); Särndal et al., 1992] to reduce bias in estimates caused by non-response. This approach can also be applied to urban forest inventories with modifications on how RHG are constructed. As noted previously, plots having no trees can often be completed without occupying the plot area when the crew can make peripheral visual assessments. Further, inaccessibility is rarely encountered on publicly owned lands (local, state, or federal government). The set of plots where non-response primarily occurs are those with trees on privately owned properties. Thus, RHGs for urban inventories can consist of two basic plot types – those with near zero probability of non-response (assigned to RHG = R) and those with an unknown but larger probability of non-response (assigned to RHG = N). Formulation of the RHGs occurs within existing cover class post-strata, and then estimation proceeds by calculating sample means and sample variances for each RHG. To avoid bias in the estimated variance due to partial non-response using the standard estimation approach, a ratio-to size estimator is used instead (Westfall et al., 2022b):
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Where [image: image] is the mean of attribute y for RHG g in stratum h, yhgi is the observation from the ith plot in RHG g for stratum h, ahgi is the accessible proportion of plot i in RHG g for stratum h, and [image: image] is the sample variance of attribute y in RHG g for stratum h. In this article, finite population correction factors are not included in variance estimators as most forest inventories have very small sampling fractions.

Subsequently, the RHGs within each stratum need to be combined to obtain the H strata means and their variances. These calculations require determination of the weights for each RHG, which can be considered as a double sampling for post-stratification where the measured plot locations comprise the first sampling phase (Westfall et al., 2019).
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Where whg is the estimated weight for RHG g in stratum h, [image: image] is the number of selected plots in RHG g within stratum h, and [image: image] is the number of selected plots in stratum h. The n′ notation indicates the weight calculation corresponds with double sampling for post-stratification design in which the plot RHG assignments serve as the first phase sample. In this special case, sample sizes are [image: image] and [image: image] for RHGs and strata, respectively.

The first three terms of the double sampling for post-stratification variance estimator account for randomness due to sampling, random RHG sample sizes within strata, and uncertainty due to estimation of the RHG weights. A fourth term is included to represent randomness of non-response outcomes (Särndal et al., 1992, section 15.6.3).

[image: image]

[image: image]

The estimated population total and its variance are calculated from Scott et al. (2005):
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Where N = number of sample units in the population.




RESULTS

Except for numbers of trees in Austin, TX, the RHG estimation approach resulted in larger population estimates than the standard method for number of trees and total tree biomass for each of the six cities studied (Table 2). Percent differences in estimated number of trees ranged from −0.7 to 12.6%; whereas 1.4 to 14.8% percent differences were found for total tree biomass estimates. In most cases, the %SE using RHG estimation was similar to or larger than that of the standard estimation. This outcome is to be expected as the RHG incurs additional variance due to estimated weights and considers randomness of non-response as a source of uncertainty (Eq. 14).


TABLE 2. Comparison between standard and RHG estimation results for number of trees and total tree biomass in six cities in the United States.

[image: Table 2]
Examination of results at the stratum-level provides insight into why the estimates differ between the standard and alternative (RHG) methods (Table 3). The reduction in estimated number of trees in Austin, TX arises from shifts in some stratum means caused by the different weighting of plots that occurs due to within-RHG non-response. This is primarily due to the weights for RHG = N (possible non-response) being larger than the proportion of accessible plots because the RHG weights are based on all selected plots not just accessible plots. This outcome gives accessible RHG = N plots larger weight than would have been realized using the standard process. While many strata exhibited increased or identical means when employing RHGs, the results were primarily driven by strata F (Mixed Forest) and G (Conifer Forest) where the RHG method produced smaller stratum means than the standard approach. Closer examination of these strata reveals that the mean values for RHG = N are smaller than those for RHG = R, and thus the increased weighting of the RHG = N mean to account for non-response reduces the overall stratum mean [image: image]. This outcome serves to highlight two points: (1) implementation of RHG can result in either positive or negative differences in comparison to the standard estimation, and (2) although it is generally the case that plots in RHG = N (possible non-response) often have more trees (and biomass) than RHG = R (unlikely non-response) plots, exceptions to this tendency can and do occur in some situations.


TABLE 3. Summary of stratum and RHG statistics for Austin, TX.

[image: Table 3]
Unlike the estimated number of trees, the estimate of total biomass in Austin, TX increased when the RHG method was used. In this case, Table 3 shows differing patterns of shifts in stratum means, particularly increases instead of decreases for strata B, C, and F. These contrary shifts between tree and biomass density attributes suggest that plots in RHG = N for these strata tend to have fewer but larger trees than plots categorized as RHG = R.

Table 3 also exhibits some stratum characteristics worth noting in the context of implementing RHG estimation. Stratum A had all plots assigned RHG = R because the there was only one observed plot in RHG = N, which prohibited calculation of [image: image]. Thus, even though there was a non-response plot present in RHG = N, it could not be accounted for due to the small sample size.

In other cases, it may be that all plots in the strata belong to the same RHG and thus only one RHG is present. Also, there may be no complete non-response plots in a stratum (e.g., stratum E) and thus the RHG weights (whg) are exactly proportional to the number of selected plots. In each of these cases, the stratum mean ([image: image]) is the same for both standard and RHG methods.



DISCUSSION

Comparison between the percent difference in the estimates arising from the use of RHG (Table 2) and the amounts of non-response in each city (Table 1) reveals that the potential sample bias is not directly related to non-response magnitude. The sample bias arises within strata that contain a mix of plots having different response probabilities which are coarsely defined by tree presence (possible non-response due to physical access requirement) or lack thereof (unlikely to be non-response as physical access usually not required). The creation and use of RHG does not require quantification of the response probabilities; however, knowledge of factors that result in differing probabilities is needed such that plots considered to have similar probabilities can be assigned to a specific RHG. RHGs essentially act as sub-strata where the assumption that complete non-response is on average equal to the stratum mean is more likely to be satisfied and thus the non-response bias is reduced (McRoberts, 2003). There is no assurance that the RHG approach is completely unbiased as this would only hold when all the plots in each RHG strictly have equal response probabilities (Westfall, 2022). However, increased satisfaction of underlying assumptions in the estimation process seems more likely to provide estimates closer to the true population mean than would be obtained using the standard estimation approach.

The general outcome of the alternative estimation procedure that employs RHG is estimates having smaller bias but larger standard errors (Table 2). The percent sampling errors are also usually larger but can be slightly smaller in some situations where the increase in the estimate is proportionally larger than the standard error increase. Users of urban forest inventory data for policy and decision making (Morgenroth and Östberg, 2017) rely on unbiased information, which potentially makes the use of RHGs more appealing despite the increased uncertainty. Särndal and Lundström (2005) note that a low variance is of little consequence in the case of highly biased estimates. The degree of bias that may be present may depend on the attribute of interest, e.g., less than 1% for number of trees but nearly 15% in San Diego, CA (Table 2). Ultimately, these differences arise from complex interactions among RHGs (and their weights), the amount of non-response, and the characteristics of the observed plots. These factors determine the direction of magnitude of shifts in stratum means relative to the standard estimation approach. Subsequently, the influence of those stratum means on the final population estimate depends on the strata weights (Table 3). In the San Diego case, a relatively large amount of non-response occurred in an RHG where the number of trees was about average but the biomass was large caused little change in the number of trees estimate but a large change in the total biomass estimate. Unlike typical forested settings, tree size – density relationships (Burkhart, 2013) can be highly variable in urban environments due to localized plantings, removals, and other anthropogenic factors (Conway, 2016; Morgenroth et al., 2017).

In this study, presence/absence of trees and public/private land ownership were used to assign plots to RHGs. This may be considered simplistic and surely other factors affect the response probabilities of individual plots. An examination of urban forest inventory non-response across 33 cities in the United States revealed that factors such as median household income, median age, percent canopy cover, and land use type may also influence plot response probabilities (Westfall et al., 2022a). In this study, land cover classes were used to define the post-strata, which should alleviate non-response bias with respect to those categorizations. Nonetheless, other factors may be useful in construction of RHGs. However, the number of factors that may be considered is likely limited as the “curse of dimensionality” (Bellman, 1957) can result in RHG with very small sample sizes. Practitioners need to evaluate the specific circumstances of their urban forest inventories to determine the most appropriate and effective factors for RHG construction.

The true underlying causes of non-response are likely very complex and may be the result of numerous interrelated factors. As such, a certain amount of non-response bias may exist in any survey result despite explicit mitigation efforts. Nonetheless, strategies to minimize non-response bias can be implemented when causal factors are readily identifiable. It was common to find larger estimates of forest resource attributes using RHG estimation in comparison to the standard estimation method (Table 2), which suggests that non-response often results in a downward bias of estimation results. This outcome and the magnitude of bias are consistent with results of traditional forest inventory studies mentioned in the introductory material (Goeking and Patterson, 2013; Corona et al., 2014; Westfall, 2022). When non-response in urban inventories remains unaccounted for, it can hamper effective decision making by city planners to meet management objectives associated with stormwater runoff, temperature moderation, tree species diversity, carbon sequestration, and other attributes that affect the well-being of urban inhabitants (Miller et al., 2015; Östberg et al., 2018; Rossi et al., 2022). As urban forest inventories become more commonplace and their results play a more prominent role in informing planning and policy decisions, attenuating any potential biases in urban forest resource estimates will be of considerable importance.



CONCLUSION

Urban forest inventories are subject to a wide range of non-response rates that are affected by a myriad of factors. As with all surveys, non-response has the potential to impart bias in the sample and associated estimates of population parameters. Although it must be recognized the RHG approach likely reduces but does not eliminate non-response bias, the results of this study imply bias in number of trees and total tree biomass estimates may exceed 10% in some cases. Thus, urban forest inventory practitioners may want to minimize negative impacts of non-response when analyzing survey data. Effective mitigation is likely not a trivial exercise as factors that lead to non-response plot characteristics being substantially different than those of response plots need to be identified and prioritized in terms of their potential bias implications. Further, structural population differences may require city-specific resolution of non-response causal factors instead of broadly applicable paradigms.
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RHGs separate the plots in each stratum into likely response (R — public lands and treeless private lands) and possible non-response (N — private lands with trees). Table
column definitions includes my, number of accessed plots in stratum h; np, number of selected plots in stratum h; wy,, weight for stratum h; wpg, weight for RHG g in
stratum h; npg, number of plots selected for RHG g in stratum h; yng, mean response for RHG g in stratum h; and yp, mean response for stratum h.
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