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Abstract 

Plug-in hybrid electric vehicles (PHEVs) are expected to reduce fleet CO₂ emissions, yet their real-

world performance often deviates substantially from type-approval expectations. This study 

examines whether traction battery capacity provides an independent explanatory signal for the test-

to-reality CO₂ gap (gap%), or whether it primarily acts as a proxy for market segmentation and usage 

patterns. Using European on-board fuel and energy consumption monitoring (OBFCM) records for 

457,555 PHEV observations (2021–2023) from 14 manufacturers, we estimate nested fixed-effects 

models and introduce engineered usage proxies describing charge-depleting operation (EUR), hybrid 

utilization intensity (HI), energy-into-battery intensity (EDE), and a real-world to type-approval fuel-

consumption ratio proxy (ELP). Battery capacity alone explains limited variation in gap% (R² = 0.075), 

while adding segment/year/manufacturer fixed effects increases R² to 0.203 and adding usage proxies 

increases it to 0.826, with the battery coefficient attenuating from 19.6 to 8.9 percentage points per 

kWh. Allowing non-linear battery terms via cubic B-splines yields only a modest additional 

improvement (R² ≈ 0.829), although the conditional shape is non-monotonic. Importantly, the 

battery–gap association is strongly segment-dependent, ranging from −22.1 pp/kWh in medium vans 

to +10.5 pp/kWh in large cars. Robustness checks using model-identifier fixed effects (MS_Cn) with 

standard errors clustered by MS_Cn further attenuate the battery effect (p ≈ 0.085), whereas ELP 

remains strongly associated with gap%. Overall, battery capacity is informative for compliance 

analytics mainly as a proxy variable capturing segmentation and real-world usage, rather than a 

universal lever of PHEV CO₂ performance. 

Keywords: PHEV; vehicles; OBFCM; real-world CO₂; battery capacity; non-linear modeling; WLTP 

 

1. Introduction 

Plug-in hybrid electric vehicles (PHEVs) are positioned as an important transitional technology 

in European decarbonisation strategies because, in principle, a traction battery can displace engine 

operation over a substantial share of daily driving while preserving long-distance capability [1,2]. In 

regulatory accounting, PHEV CO₂ performance is largely inferred from type-approval procedures 

(e.g., WLTP) combined with assumptions about how frequently the vehicle operates electrically in 

real use [3,4]. This framing implies a simple intuition: increasing battery capacity should increase 

electric driving and reduce real-world CO₂ [5,6]. 

Large-scale monitoring evidence has increasingly challenged that intuition by documenting 

systematic gaps between type-approval expectations and real-world outcomes for contemporary 

European PHEV fleets [7,8]. In prior OBFCM-based analyses, the distribution of gap% was found to 

be heavily right-skewed with an average around 300%, indicating that real-world fuel consumption 
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and CO₂ emissions often exceed test-cycle expectations by a wide margin [9,10]. Importantly for this 

study, battery capacity shows only a weak association with real-world CO₂ and exhibits a weak but 

positive correlation with gap%, i.e., larger batteries are not automatically linked to smaller gaps.  

These observations raise an unresolved question with direct implications for compliance 

analytics and policy: does traction battery capacity contain an independent, causal signal for the test-

to-reality CO₂ gap, or does it mainly act as a proxy for unobserved factors such as market segment, 

vehicle mass and performance targets, powertrain architecture, and real-world usage regimes. 

Because battery size is strongly entangled with segmentation [11,12] (e.g., premium or larger vehicles 

tending to carry larger batteries), simple bivariate relationships cannot separate “battery effect” from 

systematic differences in who buys the vehicle and how it is operated. A credible assessment 

therefore requires modelling strategies that explicitly control for segmentation and 

manufacturer/model heterogeneity while accounting for usage-related mechanisms that are 

observable in fleet monitoring data [13,14]. In Europe, regulatory updates such as the Euro 6e 

amendment aim to address these discrepancies by adjusting the utility factor (UF) curve used in type-

approval to better reflect real-world usage, acknowledging that PHEVs often operate with far lower 

electric driving shares than officially assumed [15]. Similarly, studies in the United States based on 

data from Fuelly and the California Bureau of Automotive Repair indicate that real-world electric 

drive shares are 26%–56% lower than EPA label values, leading to fuel consumption 42%–67% higher 

than certified figures [16]. These findings underscore a systemic challenge: PHEV performance is 

highly dependent on actual usage patterns—especially charging behavior—rather than nominal 

battery capacity alone. While prior research has focused on regulatory adjustments and aggregated 

fleet gaps, the role of battery capacity as an explanatory variable remains ambiguous.  

This study addresses that gap using data from the Joint Research Centre’s On-Board Fuel and 

energy Consumption Monitoring (OBFCM) database for light-duty M1 vehicles, concatenated for 

2021–2023, where each record represents a unique vehicle and—when multiple OBFCM readouts 

exist for one vehicle—the most recent readout is retained. From this source we construct a “true 

PHEV” analytical sample using a minimum traction battery capacity threshold and quality filters, 

yielding 457,555 vehicles (and 452,872 observations in the fully specified regressions after excluding 

missing proxy variables) across 14 manufacturers. Methodologically, we quantify how the apparent 

battery–gap relationship changes along a nested fixed-effects ladder (segment, monitoring year, 

manufacturer), test whether non-linear battery terms add explanatory power (B-splines and partial-

residual diagnostics), and estimate segment-dependent marginal battery slopes to directly evaluate 

heterogeneity and potential sign reversals. Finally, we perform robustness checks using model-

identifier fixed effects (MS_Cn) with standard errors clustered by MS_Cn to assess whether any 

residual battery signal remains once model-level heterogeneity is absorbed, thereby operationalising 

and testing the “battery as proxy variable” interpretation in a large harmonised fleet dataset. 

2. Materials and Methods 

This study used vehicle-level data from the Joint Research Centre (JRC) On-Board Fuel and 

energy Consumption Monitoring (OBFCM) dataset for light-duty M1 vehicles, concatenated for 

monitoring years 2021–2023 [17]. On-Board Fuel and Energy Consumption Monitoring (OBFCM) is 

a standardized system installed in modern vehicles to record real-world fuel and energy usage. It 

collects detailed data on parameters such as distance traveled, fuel consumption, CO₂ emissions, and 

the operation of electric powertrains, providing a transparent view of actual vehicle performance 

beyond laboratory type-approval tests [18,19]. Each record represents a unique vehicle; when 

multiple OBFCM readouts were available for a given vehicle within the observation period, only the 

most recent readout was retained to avoid repeated counting and to better reflect the latest in-use 

state of the vehicle. 

The methodological framework, illustrated in Figure 1, proceeds as follows. The analysis begins 

with the OBFCM database, which provides real-world fuel consumption, CO₂ emissions, and detailed 

powertrain operation counters for a large fleet of PHEVs. From this foundation, key variables are 
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constructed. The dependent variable, the CO₂ gap%, is computed as the percentage difference 

between real-world and type-approval emissions. The primary explanatory variable is the vehicle's 

battery capacity (kWh). To capture the crucial dimension of usage behavior, four engineered proxies 

are derived from OBFCM data: Electric Utilization Ratio (EUR), Hybridization Intensity (HI), Energy-

to-Distance Efficiency (EDE), and an Engine-Load Proxy (ELP). Furthermore, fixed effects for vehicle 

segment, monitoring year, manufacturer, and (in robustness checks) specific model identifier (MSCn) 

are incorporated to control for structural and unobserved heterogeneity. 

 

Figure 1. General workflow of the research. 

A nested modeling strategy is then employed using Ordinary Least Squares (OLS) regression. 

Models sequentially add fixed effects and usage proxies to isolate the battery signal. Supplementary 

analyses include cubic B-splines to test for non-linear battery effects and segment-interaction terms 

to estimate heterogeneous marginal slopes.  

The study demonstrates that traction battery capacity is primarily a proxy variable for market 

segmentation and, crucially, for real-world usage intensity (charging behavior and engine 

dominance). It does not serve as a universal, independent lever for real-world CO₂ performance. The 

findings underscore the importance of usage-based metrics—derivable from monitoring systems like 

OBFCM—over simple hardware specifications like battery size for effective compliance analytics and 

policy design targeting real-world PHEV decarbonization. 

The raw database was assembled from multiple manufacturer-specific extracts and harmonized 

into a single analytical table including vehicle identifiers, monitoring year, brand, segment, type-

approval reference values, and real-world OBFCM measurements. The core real-world variables 

used in this work include real-world fuel consumption (RW_FC), real-world CO₂ emissions 

(RW_CO2), and OBFCM distances describing charge-depleting operation with engine off and engine 

on, charge-increasing operation, total lifetime distance, and cumulative energy into the traction 

battery. Type-approval reference fuel consumption (TA_FC) was used to compute an engine-load 

proxy and to provide a consistent benchmark against real-world operation. 
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To focus the analysis on “true” plug-in hybrids and to ensure data validity, we applied a 

sequence of sample-selection criteria aligned with OBFCM-based fleet analyses. First, PHEVs were 

defined using a minimum traction battery capacity threshold of 5 kWh, which excludes conventional 

non-plug-in hybrids and mild hybrids while retaining vehicles with plug-in-capable battery systems. 

Second, quality filters were applied to remove implausible or extreme values likely reflecting data 

errors or non-representative operation: gap% was restricted to −100 to 1000, and RW_CO2 was 

restricted to 0 to 500 g/km. After applying these criteria, the final analytical cohort comprised 457,555 

PHEV vehicles, with 452,872 observations available for the fully specified regressions after listwise 

deletion of missing values in engineered proxies. 

The primary dependent variable was the test-to-reality CO₂ gap expressed as a percentage 

(gap%), computed consistently with OBFCM literature as the relative difference between real-world 

and type-approval CO₂ (or corresponding fuel-consumption-based reference), i.e., a positive value 

indicates that real-world emissions exceed the type-approval expectation. Battery capacity was 

treated as the main explanatory variable of interest, entered as a continuous predictor and mean-

centered (batt_c) for interpretability and numerical stability. In addition, we engineered usage-

related proxies from OBFCM fields to represent key mechanisms linking driver behavior and 

operating conditions to real-world emissions: EUR (electric-mode utilization ratio within charge-

depleting operation), HI (hybridization intensity capturing charge-depleting engine-on plus charge-

increasing distance relative to lifetime distance), EDE (energy into battery per kilometer), and ELP (a 

proxy for engine-dominant operation defined as the ratio RW_FC/TA_FC, capped to reduce the 

influence of extreme outliers). 

The statistical analysis was based on ordinary least squares (OLS) regression. To test whether 

battery capacity provides an independent signal or mainly acts as a proxy for segmentation and 

usage, we estimated a nested sequence of models that progressively add controls and fixed effects: 

(i) a battery-only baseline, (ii) segment and monitoring-year fixed effects, (iii) manufacturer fixed 

effects, and (iv) engineered usage proxies. Heteroskedasticity-robust standard errors (HC3) were 

used as the default inference approach for baseline specifications. To evaluate whether the 

conditional battery–gap relationship departs from linearity, we additionally estimated models using 

cubic B-splines for battery capacity (df = 3–5) and used partial-residual diagnostics aggregated by 

battery-capacity deciles. Finally, to assess robustness to unobserved model-level heterogeneity, we 

estimated an alternative specification including model-identifier fixed effects (MS_Cn) and computed 

cluster-robust standard errors clustered by MS_Cn, which is appropriate when residual correlation 

is expected within model identifiers. All computations were performed in Python using standard 

data-science libraries (pandas/numpy) and econometric routines from statsmodels. 

Formally, the regulatory gap was computed as: 

𝑔𝑎𝑝% =
𝑅𝑊_𝐶𝑂2−𝑇𝐴_𝐶𝑂2

𝑇𝐴_𝐶𝑂2
 𝑥 100      (1) 

Where: 

RW_CO2 – real-world CO2, 

TA_CO2 - corresponding type-approval (WLTP) CO₂ reference value. 

Positive values therefore indicate underestimation of real-world emissions by the type-approval 

benchmark. To reduce the influence of implausible records and ensure comparability, gap% was 

restricted to the interval −100 to 1000 and RW_CO2 to 0–500 g/km, consistent with OBFCM-based 

quality screening practices. 

Engineered proxies were computed directly from OBFCM distance and energy counters to 

represent use intensity and powertrain operating mode. Electric-mode utilization ratio (EUR, %) was 

defined within charge-depleting operation: 

𝐸𝑈𝑅 =
𝑑𝐶𝐷,𝑒𝑛𝑔−𝑜𝑓𝑓

𝑑𝐶𝐷,𝑒𝑛𝑔−𝑜𝑓𝑓+𝑑𝐶𝐷,𝑒𝑛𝑔−𝑜𝑛
 𝑥 100      (2) 

Where:  

𝑑𝐶𝐷,𝑒𝑛𝑔−𝑜𝑓𝑓; 𝑑𝐶𝐷,𝑒𝑛𝑔−𝑜𝑛 - correspond to OBFCM charge-depleting distances with engine off and 

engine on. 

Hybridization intensity (HI, %) was defined as: 
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𝐻𝐼 =
𝑑𝐶𝐷,𝑒𝑛𝑔−𝑜𝑓𝑓+𝑑𝐶𝐼

𝑑𝑙𝑖𝑓𝑒
 𝑥 100       (3) 

Where: 

dCI - charge-increasing operation distance, 

dlife - total lifetime distance. 

Energy-to-distance efficiency (EDE, kWh/km) was computed as: 

𝐸𝐷𝐸 =  
𝐸𝑖𝑛𝑡𝑜 𝑏𝑎𝑡𝑡

𝑑𝑙𝑖𝑓𝑒
       (4) 

Where:  

Eintobatt - cumulative energy into the battery (kWh). 

The engine-load proxy (ELP, unitless) was computed from the ratio of real-world to type-

approval fuel consumption and capped to limit the leverage of extreme obsertions, i.e., ELP = 

min(RW_FC/TA_FC,1), with larger values indicating more engine-dominant operation. 

For all engineered variables, denominators were required to be strictly positive; observations 

with zero/negative denominators were set to missing for that derived metric. Missing values in raw 

OBFCM counters were treated conservatively (e.g., distance/energy counters set to zero only when 

consistent with the counter semantics) and the fully specified regression sample was obtained via 

listwise deletion across gap%, battery capacity, and engineered proxies. Battery capacity was mean-

centered (batt_c) prior to model fitting to improve interpretability and numerical stability in 

specifications that included non-linear terms (splines). 

3. Results 

The final analytical sample comprised 457,555 unique PHEV vehicles after applying the battery 

capacity threshold (≥1.56 kWh) and quality filters (gap% restricted to [-100, 1000] and RWCO₂ to [0, 

500] g/km). Table 1 presents the descriptive statistics for key variables. The sample was dominated 

by upper medium cars (41.7%) and lower medium cars (37.0%), with large cars accounting for 19.9% 

and medium vans for 1.3% of observations. The majority of vehicles were monitored in 2021 (55.8%), 

with 2022 and 2023 contributing 35.1% and 9.2% respectively. Battery capacity in the PHEV sample 

ranged from 1.56 to 21.6 kWh with a mean of 13.0 kWh (SD = 2.38 kWh). The distribution was strongly 

left-skewed, with 87.8% of the full raw database showing zero battery capacity values (conventional 

hybrids excluded from analysis), and the PHEV-only distribution concentrated between 11.6 and 14.1 

kWh (IQR). The test-to-reality CO₂ gap exhibited substantial variation (mean = 300.1%, SD = 170.6%), 

with the median gap at 273.8%, indicating that real-world emissions typically exceeded type-

approval expectations by nearly threefold. 

The engineered usage proxies showed (Table 1) considerable variability across the fleet. 

Electricmode utilization ratio (EUR) averaged 69.8% within charge-depleting operation (SD =19.7%), 

with an interquartile range from 55.6% to 86.4%. Hybridization intensity (HI) averaged 19.4% (SD = 

16.7%), reflecting the proportion of lifetime distance driven in engine on charge-depleting or charge-

increasing modes. Energy-to-distance efficiency (EDE) averaged 0.070 kWh/km (SD = 0.056), while 

the engine-load proxy (ELP, defined as RWFC/TAFC and capped at 5.0) averaged 3.67 (SD = 1.13), 

indicating that real-world fuel consumption typically exceeded type-approval expectations by a 

factor of 3.7 for the engine-dominant operating component. 
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Table 1. Descriptive statistics for PHEV analytical sample (N = 457,555). 

Variable Mean SD Min Q25 Median Q75 

Dependent Variable       

gap% (test-to-reality CO₂ gap) 300.1 170.6 -96.6 179.8 273.8 391.5 

Key Explanatory Variable       

Battery capacity (kWh) 13.04 2.38 1.56 12.00 12.86 13.61 

Usage Proxies       

EUR (electric utilization ratio, %) 69.8 19.7 0.0 55.6 72.2 86.4 

HI (hybridization intensity, %) 19.4 16.7 0.0 6.2 15.1 28.3 

EDE (energy-to-distance, kWh/km) 0.070 0.056 0.0 0.022 0.063 0.107 

ELP (engine-load proxy, unitless) 3.67 1.13 0.03 2.80 3.74 4.91 

Control Variables       

RWCO₂ (g/km) 108.3 58.4 0.0 64.3 99.7 143.0 

The manufacturer distribution was concentrated (Table 2) among premium European brands, 

with Volvo (33.9%) and BMW AG (25.3%) representing nearly 60% of the PHEV sample. This 

composition reflects both the European PHEV market structure during 2021-2023 and the availability 

of OBFCM data by manufacturer. The concentration in specific segments and brands underscores the 

importance of controlling for segmentation effects when assessing battery capacity associations with 

real-world gap%. 

Table 2. Sample composition by segment, monitoring year, and manufacturer (N = 457,555). 

Category N % 

Market Segment   

Upper Medium Car 190,910 41.7 

Lower Medium Car 169,482 37.0 

Large Car 91,093 19.9 

Medium Van 6,070 1.3 
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Category N % 

Monitoring Year   

2021 255,078 55.8 

2022 160,434 35.1 

2023 42,043 9.2 

Manufacturer (Top 10)   

Volvo 155,351 33.9 

BMW AG 115,729 25.3 

SEAT 40,070 8.8 

Volkswagen 36,022 7.9 

Audi AG 31,860 7.0 

Škoda 19,430 4.2 

Mazda 17,923 3.9 

Toyota 15,603 3.4 

Fiat Group 12,677 2.8 

Opel Automobile 7,621 1.7 

3.1. Nested Fixed-Effects Models: Battery Capacity Attenuation  

To evaluate whether battery capacity provides an independent signal for the test-to-reality CO₂ 

gap or primarily acts as a proxy for segmentation and usage patterns, we estimated a nested sequence 

of OLS regression models with progressively added controls. Table 3 presents the model comparison, 

showing the evolution of the battery capacity coefficient and model explanatory power (R²) across 

four specifications. 
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Table 3. Nested fixed-effects models: battery capacity coefficient attenuation and R² progression. 

Model N R² Battery (pp/kWh) p-value 

M0: Battery only 457,555 0.075 19.63 <0.001 

M1: + Segment + Year FE 457,555 0.185 18.46 <0.001 

M2: + Manufacturer FE 457,555 0.203 17.45 <0.001 

M3: + Usage proxies (EUR, HI, EDE, ELP) 452,872 0.826 8.88 <0.001 

Model M0, which regressed gap% on battery capacity alone, yielded a positive coefficient of 19.6 

percentage points per kWh (p < 0.001), with an R² of only 0.075. This baseline model confirms the 

counterintuitive positive bivariate association: larger batteries are associated with higher test-to-

reality gaps, contradicting the regulatory expectation that larger batteries should enable more electric 

driving and reduce real-world CO₂ emissions. Adding segment and monitoring-year fixed effects 

(M1) increased R² to 0.185, indicating that market segmentation explains an additional 11 percentage 

points of gap% variation. The battery coefficient attenuated slightly to 18.5 pp/kWh, suggesting that 

part of the battery-gap association is confounded by segment-level differences in vehicle 

characteristics and usage patterns. Further addition of manufacturer fixed effects (M2) raised R² to 

0.203 and reduced the battery coefficient to 17.5 pp/kWh, reflecting manufacturer-specific 

heterogeneity in powertrain design, calibration strategies, and customer profiles. The most 

substantial change occurred in Model M3, which incorporated the four engineered usage proxies 

(EUR, HI, EDE, ELP) alongside all fixed effects. R² increased dramatically to 0.826, indicating that 

real-world usage intensity explains the vast majority of gap% variation once segmentation and 

manufacturer effects are controlled. Critically, the battery capacity coefficient attenuated by 54.7% 

from the baseline, declining to 8.9 pp/kWh (p < 0.001). This attenuation demonstrates that a large 

portion of the apparent battery-gap relationship is mediated by usage patterns: vehicles with larger 

batteries tend to be driven in more engine-dominant modes, offsetting any potential electric-range 

advantage. Among the usage proxies in Model M3, the engine-load proxy (ELP) exhibited the 

strongest association with gap% (β = 121.1, p < 0.001), confirming that the ratio of real-world to type 

approval fuel consumption is the dominant predictor of the test-to-reality gap. Electric mode 

utilization ratio (EUR) showed a negative association (β = 0.22, p < 0.001), indicating that higher 

electric-mode usage within charge-depleting operation is associated with marginally higher gaps 

when all other factors are held constant—a result likely reflecting that EUR itself is conditioned on 

charge-depleting events rather than overall trip mix. Energy-to-distance efficiency (EDE) exhibited a 

large negative coefficient (β = -305.2, p < 0.001), consistent with the interpretation that cumulative 

battery charging per kilometer driven reflects more frequent charging and electric operation, which 

partially offsets engine-dominant usage. 

3.2. Non-Linear Battery Capacity Effects: Cubic Spline Analysis 

To assess whether the conditional battery–gap relationship departs from linearity, we first 

examined partial residuals of gap% aggregated by battery-capacity deciles from the full 

usage-controlled model (M3). Battery capacity was divided into ten equal-count deciles between 1.56 

and 21.6 kWh, and for each decile we computed the mean and interquartile range of the partial 

residuals, holding segment, monitoring year, manufacturer and usage proxies (EUR, HI, EDE, ELP) 

constant.  

Figure 2 shows that the conditional relationship between battery capacity and the test-to-reality 

gap is clearly non-monotonic. The mean partial residual is slightly negative in the lowest two deciles 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 12 February 2026 doi:10.20944/preprints202602.0884.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202602.0884.v1
http://creativecommons.org/licenses/by/4.0/


 9 of 17 

 

(up to about 11.6 kWh, roughly −15 to −20 percentage points), becomes positive in the 11.6–13.0 kWh 

range (peaking around +15–20 pp), returns close to zero around 12.9–13.0 kWh, turns mildly negative 

again in the 13.0–13.8 kWh region (down to about −15 pp), and then rises sharply for the 

highest-capacity decile (14.2–21.6 kWh, about +35 pp). The shaded interquartile bands indicate that 

despite this structure, substantial within-decile variation remains, with IQR widths between roughly 

40 and 70 percentage points.  

 

Figure 2. Partial residuals (battery deciles). 

Despite the visual evidence of non-monotonicity in the partial residuals, the incremental 

explanatory power of non-linear battery terms was modest. Allowing cubic B-splines with df = 3 

increased R² from 0.826 to 0.828 (+0.2 percentage points), with df = 4 yielding R² = 0.829 (+0.3 pp) and 

df = 5 yielding R² = 0.829 (no further improvement). These results indicate that while the conditional 

battery-gap relationship is not strictly linear, the non-linear component explains less than 0.5% of 

gap% variation once usage proxies and fixed effects are included.  

Figure 3 illustrates the predicted gap% as a function of battery capacity using the cubic spline 

model (df = 4), with all usage proxies and categorical controls held at their median or modal values 

(EUR = 72.2%, HI = 15.1%, EDE = 0.063 kWh/km, ELP = 3.74, segment = Upper Medium Car, year = 

2021, manufacturer = Volvo). The prediction curve confirms the nonmonotonic shape observed in the 

partial residuals: predicted gap% peaks around 13-14 kWh at approximately 315%, declines to a local 

minimum around 17-18 kWh (approximately 280%), and then increases sharply for the largest 

batteries (>20 kWh, exceeding 410%). This U-shaped pattern suggests that the marginal effect of 

battery capacity on gap% reverses sign depending on the battery size range, likely reflecting the 

interaction between battery capacity, vehicle segment, and real-world usage regimes. 
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Figure 3. Spline prediction curve (controls at medians). 

3.3. Usage Proxy Relationships: Electric Utilization and Gap% 

The engineered usage proxies provide direct insight into how real-world operating behavior 

mediates the test-to-reality gap. Figure 4 presents a scatter plot of EUR (electric-mode utilization ratio 

within charge-depleting operation) versus gap%, color-coded by market segment. The negative 

association between EUR and gap% is visually evident: observations with higher electric utilization 

(EUR > 80%) cluster in the lower-gap region (gap% < 400%), while those with low electric utilization 

(EUR < 40%) extend to very high gaps (gap% > 600%). 

 

Figure 4. EUR vs gap% scatter (colored by segment). 

The Pearson correlation between EUR and gap% was -0.34 (p < 0.001), confirming a moderate 

negative association. To further quantify this relationship, Table 4 presents mean and median gap% 

by EUR deciles. Vehicles in the lowest EUR decile (EUR ≤ 41.7%) exhibited a mean gap% of 420.7% 

(median = 391.1%), while those in the highest decile (EUR ≥ 94.1%) had a mean gap% of 223.1% 

(median = 190.6%). This 197-percentage-point difference in mean gap% across the EUR distribution 
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underscores the dominant role of real-world charging and electric-mode usage in determining PHEV 

compliance outcomes. 

Table 4. Mean and median gap% by electric-mode utilization ratio (EUR) deciles. 

EUR Decile (range, %) N Mean gap% Median gap% 

D1: 0.0 – 41.7 45,288 420.7 391.1 

D2: 41.7 – 51.6 45,287 372.3 342.6 

D3: 51.6 – 59.3 45,287 340.1 309.8 

D4: 59.3 – 66.1 45,287 312.6 280.7 

D5: 66.1 – 72.2 45,287 290.7 256.7 

D6: 72.2 – 78.1 45,287 274.5 235.9 

D7: 78.1 – 83.7 45,287 264.6 222.7 

D8: 83.7 – 89.0 45,287 256.0 213.3 

D9: 89.0 – 94.1 45,287 245.5 204.5 

D10: 94.1 – 100.0 45,288 223.1 190.6 

The monotonic decline in gap% across EUR deciles demonstrates that the frequency and 

intensity of electric-mode operation—not battery capacity per se—is the primary 3.4 Usage Proxy 

Relationships: Electric Utilization and Gap% determinant of real-world PHEV CO₂ performance. 

Vehicles with large batteries but low charging frequency (low EUR) perform similarly to or worse 

than vehicles with smaller batteries but high charging frequency (high EUR), reinforcing the 

interpretation that battery capacity acts as a proxy for usage patterns rather than a direct causal lever. 

3.4. Segment-Specific Marginal Battery Slopes: Heterogeneity and Sign Reversals 

Given the strong entanglement between battery capacity and market segmentation, we 

estimated segment-specific marginal battery slopes by including battery×segment interaction terms 

in the full model (M3 specification). Table 5 and Figure 5 present the estimated marginal effects of 

battery capacity on gap% for each segment, along with 95% confidence intervals. 

Table 5. Segment-specific marginal battery slopes on gap% (pp per kWh). 

Segment Slope (pp/kWh) SE 95% CI Lower 95% CI Upper 

Medium Van -22.15 0.30 -22.73 -21.56 

Lower Medium Car 0.97 0.11 0.77 1.18 
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Upper Medium Car 7.13 0.10 6.93 7.34 

Large Car 10.49 0.09 10.31 10.67 

 

Figure 5. Segment-specific marginal battery slopes (forest point plot). 

Based on Figure 5 the marginal battery slope for medium vans was -22.1 pp/kWh (95% CI: -22.7, 

-21.6), indicating that within this segment, larger batteries are associated with substantially lower 

test-to-reality gaps. This negative relationship is consistent with fleet or commercial usage patterns 

where vans are charged regularly and operated on predictable routes, allowing larger batteries to 

deliver their intended electric-range benefit. In contrast, the marginal slope for large cars was +10.5 

pp/kWh (95% CI: 10.3, 10.7), indicating that larger batteries in the premium large-car segment are 

associated with higher gaps. This counterintuitive result likely reflects a combination of factors: 

premium large cars with bigger batteries tend to be heavier, more powerful, and driven by users with 

3.5 Segment-Specific Marginal Battery Slopes: Heterogeneity and Sign Reversals longer trip distances 

and lower charging frequency, leading to predominantly engine-based operation despite the larger 

battery capacity. Upper medium cars exhibited an intermediate positive slope of +7.1 pp/kWh (95% 

CI: 6.9, 7.3), while lower medium cars showed a near-zero marginal effect (+1.0 pp/kWh, 95% CI: 0.8, 

1.2). The progression from strongly negative (medium vans) through near-zero (lower medium cars) 

to strongly positive (large cars) demonstrates that the battery-gap relationship is not universal but 

contingent on segment-specific usage regimes, vehicle characteristics, and customer profiles. The sign 

reversal across segments is a critical finding for compliance analytics and policy design. It indicates 

that battery capacity alone cannot serve as a reliable proxy for realworld PHEV CO₂ performance 

without accounting for segmentation and usage context. In particular, policies or incentive structures 

that reward larger batteries without conditioning on real-world charging behavior may inadvertently 

favor segments and usage patterns where larger batteries do not translate into lower emissions. 

3.5. Robustness Check: Model-Level Fixed Effects and Clustered Standard Errors 

To further test the battery-as-proxy interpretation, we estimated an alternative specification that 

absorbs all model-level heterogeneity by including fixed effects for each unique model identifier 

(MSCn, N = 209 models). Standard errors were clustered by MSCn to account for within-model 

correlation in residuals. This specification effectively isolates variation in gap% and battery capacity 

within models that share the same powertrain architecture, market positioning, and expected 

customer base, providing a stringent test of whether battery capacity retains explanatory power once 

model-level confounding is removed.  

The results of the MSCn fixed-effects model showed that the battery capacity coefficient 

remained positive (β = 8.88 pp/kWh in the manufacturer-FE model) but became statistically non-
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significant (p = 0.085) when MSCn fixed effects and clustered standard errors were applied. In 

contrast, the usage proxies retained their strong associations: EUR (β = 0.23, p < 0.001), HI (β = 0.10, p 

< 0.001), EDE (β = -305.2, p < 0.001), and especially ELP (β = 121.1, p < 0.001) remained highly 

significant and substantively unchanged in magnitude. This robustness check reinforces the 

interpretation that battery capacity's apparent association with gap% is largely spurious, driven by 

confounding with model-level characteristics (e.g., powertrain calibration, mass, aerodynamics, 

target customer segment) rather than a direct causal effect of battery size on real-world charging 

frequency or electric-mode operation. Once these model-level confounders are absorbed via MSCn 

fixed effects, the residual battery variation within models (e.g., minor capacity differences due to 

degradation or specification updates) has no detectable association with gap%. Meanwhile, usage 

intensity—as captured by the engineered proxies—remains the dominant and robust predictor of 

PHEV real-world CO₂ performance. 

4. Discussion 

The central finding of this study is that traction battery capacity provides only a weak 

independent signal for PHEV test-to-reality CO₂ gaps once segmentation, manufacturer 

heterogeneity, and real-world usage patterns are accounted for. In the baseline bivariate specification, 

larger batteries were associated with larger gaps (β = 19.6 pp/kWh, R² = 0.075)—a counterintuitive 

result that contradicts the regulatory intuition that bigger batteries enable more electric driving and 

thus lower real-world emissions. However, this association attenuated by 55% to 8.9 pp/kWh (p < 

0.001) after adding usage proxies (R² = 0.826), and became statistically non-significant (p = 0.085) in 

the model-identifier fixed-effects robustness check. These results demonstrate that battery capacity 

functions primarily as a proxy variable for unobserved factors such as market segmentation, 

powertrain design priorities, and customer usage regimes, rather than a direct causal determinant of 

charging frequency or electric-mode operation. 

This proxy interpretation aligns with the fleet-level composition of the OBFCM data: larger 

batteries are disproportionately found in premium large-car and upper-medium segments (mean 

15.2 kWh) driven by customers with longer trip distances, higher performance expectations, and 

lower charging access, leading to predominantly engine-dominant operation. Conversely, medium 

vans with larger batteries (often fleet-operated) exhibit the strongest negative battery-gap 

relationship (−22.1 pp/kWh), reflecting predictable routes and regular charging infrastructure. The 

near-zero marginal effect in lower-medium cars (+1.0 pp/kWh) further illustrates how battery size 

alone cannot predict compliance outcomes without segment context. 

Real-world usage proxies explained the overwhelming majority of gap variation (R² increase 

from 0.203 to 0.826), confirming that PHEV CO₂ performance hinges on charging behavior rather than 

nominal electric range. The engine-load proxy (ELP; RWFC/TAFC) emerged as the strongest 

predictor (β = 121.1, p < 0.001), with real-world fuel consumption exceeding type-approval values by 

a factor of 3.7 on average—consistent with fleet-wide gaps of 3.5–4.9× reported by T&E and EEA 

analyses of OBFCM data. Electric utilization ratio (EUR) showed a moderate negative correlation (r 

= −0.34), with gap% declining monotonically from 421% (EUR < 42%) to 223% (EUR > 94%), 

underscoring that the share of charge-depleting distance driven electrically—not battery capacity—

is key. 

These patterns echo prior OBFCM studies: ICCT analyses of ~9,000 European PHEVs found real-

world fuel consumption 3–5× higher than WLTP (4.0–8.4 L/100 km vs. 1.6 L/100 km), driven by low 

charge-depleting utilization rather than battery limitations. Our engineered proxies (EUR, HI, EDE, 

ELP) operationalize these mechanisms at fleet scale, explaining why aggregate battery capacity fails 

as a compliance metric. 

The segment-specific marginal slopes reveal fundamental heterogeneity: from strongly negative 

(−22.1 pp/kWh, medium vans) through near-zero (+1.0 pp/kWh, lower-medium cars) to strongly 

positive (+10.5 pp/kWh, large cars). This sign reversal across segments indicates no universal battery-

gap relationship, challenging simplistic regulatory assumptions. Large-car premiums prioritize 
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performance and long-distance capability, offsetting battery benefits via mass and engine-dominant 

usage; medium vans leverage batteries via fleet discipline. 

Such heterogeneity extends prior segment-stratified OBFCM work, where premium PHEVs 

consistently underperform despite larger batteries. Our analysis quantifies this via interaction terms, 

showing that omitting segmentation biases battery coefficients upward by 120% (19.6 vs. 8.9 

pp/kWh).  

Partial residuals exhibited a clear non-monotonic pattern—local minima at ~11 kWh and ~13.5 

kWh, sharp rise above 14 kWh—yet cubic splines added only 0.3% to R² (0.826 → 0.829). This modest 

gain suggests non-linearities reflect discrete battery-size jumps tied to segment/model transitions 

rather than smooth technological gradients. Wide IQR bands (~40–70 pp) highlight residual 

individual variation unexplained by fleet aggregates. 

Our mean gap of 300% aligns with recent OBFCM fleet reports: T&E documented widening gaps 

from 3.5× (2021) to 4.9× (2023) across 800,000+ PHEVs; Ariadne Projekt estimated 6.0–6.2 L/100 km 

real-world vs. 1.0–1.25 L/100 km WLTP; JRC/EEA confirmed 3.5× multipliers for 2021 PHEVs [20]. 

Unlike model-level audits, our 457,555-vehicle sample enables fixed-effects decomposition, isolating 

battery's proxy role. 

Our findings provide empirical, fleet-scale validation for the regulatory concerns and proposed 

measures outlined in recent policy assessments. The stark divergence between type-approval and 

real-world performance we document (mean gap of 300%) directly echoes and quantifies the 

warnings from European NGOs and agencies about PHEVs becoming a compliance loophole, 

delivering only a fraction of expected on-road CO₂ savings [21]. The critical role of usage proxies like 

ELP and EUR underscores the necessity of moving beyond static hardware parameters like battery 

capacity for regulation. This supports the core argument for the mandatory collection and use of On-

Board Fuel Consumption Monitoring (OBFCM) data as a foundational tool for transparency and 

effective policy-making, a point strongly emphasized in the context of both closing the emissions gap 

and holding manufacturers accountable [22]. Furthermore, our segment-specific results—showing 

high-emitting large cars versus lower-emitting fleet vans—offer a data-driven rationale for nuanced 

policy design. They align with recommendations that any future role for PHEVs, such as a potential 

limited allowance post-2035, must be contingent upon meeting strict, real-world performance criteria 

(e.g., minimum electric range, maximum real-world CO₂ thresholds) verified via OBFCM, as 

suggested by analyses like the Ariadne Projekt [23]. Ultimately, our conclusion that "PHEV 

compliance hinges on usage reality, not battery promises" reinforces the imperative for regulations 

like the evolving Euro 6e/7 framework to anchor compliance in verified real-world operation, 

ensuring this transitional technology genuinely contributes to decarbonization goals without 

undermining the transition to full electrification. 

Regulatory studies emphasize utility-factor corrections to address these gaps, supporting our 

call for usage-based monitoring over battery-size incentives [24,25]. Battery capacity cannot serve as 

a standalone compliance proxy: it conflates technology with usage and segmentation, potentially 

rewarding engine-dominant premiums while penalizing efficient fleet vans. Policymakers should 

prioritize OBFCM-derived usage metrics (e.g., ELP caps, minimum EUR floors) in fleet regulations, 

as proposed by T&E and Ariadne. Model-identifier fixed effects reveal that intra-model battery 

variation (e.g., degradation) has negligible gap impact, validating usage-focused verification. 

Cross-sectional OBFCM data precludes causal identification of charging infrastructure or trip-

profile effects. Retrospective proxies (e.g., EUR conditioned on charge-depleting events) may 

understate full-hybrid operation. Future work could link OBFCM to GPS/telematics for trip-level 

analysis or panel data to track degradation [26]. Extending to 2024–2025 data will assess post-UF-

correction trends. 

5. Conclusions 

Traction battery capacity serves primarily as a proxy variable for market segmentation and real-

world usage patterns rather than an independent determinant of PHEV test-to-reality CO₂ gaps. 
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While larger batteries show a positive bivariate association with gaps (β = 19.6 pp/kWh), this effect 

attenuates by 55% after controlling for usage proxies (β = 8.9 pp/kWh, R² = 0.826) and becomes 

insignificant with model-level fixed effects (p = 0.085). Segment-specific slopes range from strongly 

negative in medium vans (−22.1 pp/kWh) to strongly positive in large cars (+10.5 pp/kWh), 

confirming no universal battery–gap relationship. 

Real-world usage intensity—as captured by electric utilization ratio (EUR), engine-load proxy 

(ELP), and related metrics—explains the vast majority of compliance variation. Gap% declines 

monotonically from 421% (EUR < 42%) to 223% (EUR > 94%), underscoring that charging behavior, 

not battery size, drives PHEV performance. 

For compliance analytics and policy design, regulators should prioritize OBFCM-derived usage 

metrics over battery capacity as a performance indicator, conditioning incentives on verified real-

world electric operation across diverse segments and manufacturers. 
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Abbreviations 

The following abbreviations are used in this manuscript: 

BEV Battery Electric Vehicle 

CD Charge-Depleting (mode) 

CI Charge-Increasing (operation) 

CO₂ Carbon Dioxide 

CS Charge-Sustaining (mode) 

EDE Energy-to-Distance Efficiency 

ELP Engine-Load Proxy 

EUR Electric Utilization Ratio 

FE Fixed Effects 

GHG Greenhouse Gas 

HI Hybridization Intensity 

MDPI Multidisciplinary Digital Publishing Institute 

OBFCM On-Board Fuel and energy Consumption Monitoring 

OLS Ordinary Least Squares 

PEMS Portable Emissions Measurement System 

PHEV Plug-in Hybrid Electric Vehicle 

pp/kWh Percentage points per kilowatt-hour 

RDE Real Driving Emissions 

RW_CO₂ Real-World CO₂ emissions 

RW_FC Real-World Fuel Consumption 

TA_CO₂ Type-Approval CO₂ emissions 
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TA_FC Type-Approval Fuel Consumption 

UF Utility Factor 

WLTP Worldwide Harmonized Light Vehicles Test Procedure 
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