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​Abstract​

​We​ ​present​ ​estimates​ ​of​ ​the​​monthly​​open​​ocean​​air-sea​​O​​2​ ​flux​​from​​2004​​to​​2024​​on​​a​​1°×1°​

​grid​ ​spanning​ ​64.5°S​ ​to​ ​79.5°N.​ ​The​ ​flux​ ​is​ ​computed​ ​using​ ​4-dimensional​ ​ocean​ ​dissolved​

​oxygen​ ​(DO)​ ​fields​ ​derived​ ​from​ ​Argo​ ​float​ ​and​ ​shipboard​ ​observations​ ​via​ ​machine​ ​learning​

​algorithms​ ​(GOBAI-O​​2​​,​ ​Sharp​ ​et​ ​al.,​ ​2023).​ ​Flux​ ​uncertainties​ ​are​ ​quantified​ ​by​ ​generating​ ​a​

​large​ ​ensemble​ ​of​ ​flux​ ​estimates,​ ​first​ ​propagating​ ​errors​ ​from​ ​the​ ​dissolved​ ​oxygen​ ​product,​

​then​ ​computing​ ​fluxes​ ​across​ ​all​ ​combinations​ ​of​ ​three​ ​gas​ ​exchange​ ​parameterizations​ ​that​

​account​ ​for​ ​bubble-mediated​ ​flux​ ​and​ ​three​ ​wind​ ​products.​ ​We​ ​apply​ ​DO​​adjustments​​to​​align​

​our​​resolved​​global​​annual​​mean​​fluxes​​with​​those​​derived​​from​​scaling​​global​​ocean​​heat​​uptake​

​and​ ​regional​ ​annual​ ​mean​ ​fluxes​ ​with​ ​those​ ​derived​ ​from​ ​ocean​ ​inversions.​ ​Our​ ​results​ ​show​

​larger​ ​seasonal​ ​flux​ ​variations​ ​at​ ​high​ ​latitudes​ ​than​ ​at​ ​low​ ​latitudes,​ ​with​ ​clear​ ​differences​

​between​ ​major​ ​ocean​ ​basins.​ ​Both​ ​adjusted​ ​and​ ​unadjusted​ ​annual​​mean​​flux​​estimates​​exhibit​

​strong​ ​ocean​ ​O​​2​ ​sinks​​at​​high​​latitudes,​​weak​​sources​​in​​the​​low-to-mid​​latitude​​subtropics,​​and​

​weak​ ​sinks​ ​near​ ​the​ ​Equator.​ ​The​ ​annual​ ​mean​ ​adjustment​ ​significantly​ ​enhances​ ​ocean​ ​O​​2​

​uptake​ ​in​ ​the​ ​northern​ ​high​ ​latitudes​ ​and​ ​tropical​ ​regions​ ​while​ ​reducing​ ​outgassing​ ​in​ ​the​

​northern​​subtropics.​​We​​evaluate​​our​​flux​​seasonal​​cycles​​and​​annual​​mean​​values​​by​​comparing​

​forward​ ​transport​ ​simulations​ ​with​ ​atmospheric​ ​O​​2​ ​observations​ ​from​ ​global​ ​airborne​ ​surveys​

​and​ ​surface​ ​sampling​ ​stations.​ ​The​ ​simulations​ ​reproduce​ ​the​ ​observed​ ​mean​ ​seasonal​ ​cycles​

​well,​​but​​some​​differences​​remain​​in​​the​​annual​​mean​​latitudinal​​gradients.​​We​​analyze​​fractional​

​variance​ ​contributions​ ​from​ ​DO,​ ​wind,​ ​and​ ​gas​ ​exchange​ ​scheme​ ​uncertainties​ ​and​ ​their​

​interactions​​at​​regional​​and​​hemispheric​​scales​​for​​both​​climatological​​monthly​​and​​annual​​mean​

​fluxes.​ ​This​ ​dataset​ ​marks​ ​a​ ​major​ ​improvement​ ​over​ ​existing​ ​air-sea​ ​O​​2​ ​flux​ ​products,​ ​as​ ​it​

​includes​ ​the​​resolution​​of​​interannual​​variability​​in​​the​​flux​​seasonal​​cycle,​​the​​use​​of​​advanced​

​machine​ ​learning-based​ ​DO​ ​fields​ ​that​ ​better​ ​represent​ ​complex​ ​spatial​ ​and​ ​temporal​ ​patterns,​

​and robust uncertainty quantification across various scales.​

​Short Summary​

​We​ ​produce​ ​monthly​ ​air-sea​ ​O​​2​ ​flux​ ​estimates​ ​(2004-2024)​ ​on​ ​a​ ​1°×1°​ ​grid​ ​using​ ​machine​

​learning-based​ ​dissolved​ ​oxygen​ ​fields​ ​(​​GOBAI-O​​2​​,​ ​Sharp​ ​et​ ​al.,​ ​2023)​​.​ ​Fluxes​ ​are​ ​calculated​

​with​ ​multiple​​gas​​exchange​​schemes​​and​​wind​​products,​​then​​constrained​​to​​match​​independent​
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​regional​ ​to​ ​global​ ​annual​ ​mean​ ​fluxes​ ​estimates.​ ​We​ ​evaluate​ ​flux​ ​seasonal​ ​cycles​ ​and​ ​annual​

​patterns​ ​against​ ​atmospheric​ ​O​​2​ ​observations​ ​and​ ​quantify​ ​flux​ ​uncertainties​ ​from​ ​multiple​

​sources.​

​1 Introduction​

​Accurate​ ​estimates​ ​of​ ​air-sea​ ​O​​2​ ​fluxes​ ​have​​the​​potential​​to​​place​​critical​​constraints​​on​​ocean​

​productivity,​ ​CO​​2​ ​uptake,​​and​​heat​​flux​​(e.g.,​​Keeling​​et​​al.,​​1993,​​2010;​​Keeling​​and​​Manning,​

​2014)​​,​ ​but​ ​large​ ​biases​ ​and​​uncertainties​​exist​​in​​current​​estimates​​(Jin​​et​​al.,​​2023)​​.​​Air-sea​​O​​2​

​fluxes​ ​are​ ​driven​ ​by​ ​surface​ ​ocean​ ​DO​ ​concentration​ ​changes​ ​resulting​ ​from​ ​physical​ ​and​

​biogeochemical​ ​processes.​ ​Because​ ​oxygen​ ​has​ ​low​ ​solubility​ ​in​ ​seawater,​ ​changes​ ​in​ ​surface​

​ocean​ ​DO​ ​create​ ​large​​disequilibria​​with​​the​​atmosphere,​​producing​​strong​​gas​​exchange​​as​​the​

​ocean-atmosphere system seeks equilibrium​​(Garcia and Gordon, 1992)​​.​

​The​ ​air-sea​ ​flux​ ​of​ ​O​​2​ ​exhibits​ ​pronounced​ ​seasonal​ ​variability​ ​driven​ ​by​ ​seasonal​ ​changes​ ​in​

​solubility,​​biological​​activity,​​and​​ocean​​mixing​​(Redfield,​​1948)​​.​​Extratropical​​oceans​​outgas​​O​​2​

​from​ ​spring​ ​to​ ​summer,​ ​and​ ​takes​ ​up​ ​O​​2​ ​from​ ​fall​​to​​winter​​(Garcia​​and​​Keeling,​​2001;​​Najjar​

​and​ ​Keeling,​ ​2000)​​.​ ​During​ ​the​ ​growing​ ​season,​ ​enhanced​ ​photosynthesis​ ​increases​ ​oxygen​

​production​ ​in​ ​surface​ ​waters,​ ​while​ ​summer​ ​thermal​ ​stratification​ ​limits​ ​vertical​ ​mixing,​ ​often​

​creating​​oxygen​​supersaturation​​that​​drives​​outgassing​​to​​the​​atmosphere​​(Emerson,​​1987;​​Najjar​

​and​ ​Keeling,​ ​1997)​​.​ ​In​ ​the​ ​winter,​ ​diminished​ ​biological​ ​production​ ​and​ ​ventilation​ ​of​

​oxygen-depleted​ ​deep​ ​waters​ ​lead​ ​to​ ​oxygen​ ​uptake​ ​from​ ​the​ ​atmosphere​ ​(Bushinsky​ ​and​

​Emerson,​ ​2018;​ ​Redfield,​ ​1948)​​.​ ​Thermal​ ​forcing​ ​reinforces​ ​these​ ​drivers,​ ​as​ ​seasonal​ ​air-sea​

​heat​ ​fluxes​ ​directly​ ​affect​ ​O​​2​ ​solubility​​(Weiss,​​1970)​​.​​Summer​​warming​​reduces​​solubility​​and​

​reinforces​​O​​2​ ​outgassing,​​while​​winter​​cooling​​enhances​​oceanic​​O​​2​ ​uptake​​(Keeling​​and​​Shertz,​

​1992)​​.​

​Although​ ​seasonal​ ​fluxes​​largely​​compensate​​on​​annual​​time​​scales,​​the​​global​​ocean​​is​​a​​weak​

​source​ ​of​ ​O​​2​ ​to​ ​the​​atmosphere​​due​​to​​ocean​​heat​​uptake,​​which​​reduces​​oxygen​​solubility,​​and​

​warming-induced​ ​stratification,​ ​which​ ​reduces​ ​both​ ​the​ ​upwelling​ ​of​ ​nutrients​ ​from​ ​the​ ​deep​

​ocean​​and​​the​​downward​​transport​​of​​oxygen-rich​​surface​​waters​​to​​depth​​(Breitburg​​et​​al.,​​2018;​

​Keeling​​et​​al.,​​2010;​​Keeling​​and​​Garcia,​​2002;​​Schmidtko​​et​​al.,​​2017)​​.​​Accurately​​quantifying​
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​this​ ​annual​ ​flux​ ​remains​ ​challenging​ ​because​ ​its​ ​magnitude​ ​is​ ​small​ ​compared​ ​to​ ​both​ ​the​

​seasonal cycle and interannual variations.​

​Several​​attempts​​have​​been​​made​​to​​produce​​global-scale​​gridded​​seasonal​​air-sea​​O​​2​ ​fluxes​​from​

​hydrographic​​data,​​though​​these​​efforts​​have​​only​​succeeded​​in​​resolving​​climatological​​seasonal​

​fluxes​ ​and​ ​without​ ​including​ ​the​ ​global​ ​annual​​mean​​flux.​​Najjar​​and​​Keeling​​(1997)​​created​​a​

​monthly​​climatology​​of​​surface​​ocean​​DO​​anomalies​​using​​spatial​​and​​temporal​​interpolation​​of​

​historical​ ​DO​ ​data​ ​collected​ ​between​ ​1900-1994,​ ​further​ ​scaled​ ​by​ ​maps​ ​of​ ​sea​ ​surface​

​temperature​ ​(SST).​ ​Keeling​ ​et​ ​al.​ ​(1998b)​ ​then​ ​computed​ ​air-sea​ ​fluxes​ ​using​ ​these​ ​DO​

​anomalies​ ​along​ ​with​ ​wind​ ​speed​ ​data​ ​and​ ​gas​ ​exchange​ ​velocity​ ​formulations,​ ​applying​

​corrections​​to​​DO​​anomalies​​for​​sea​​level​​atmospheric​​pressure​​and​​sea​​surface​​skin​​temperature​

​effects​ ​and​ ​rescaling​ ​DO​ ​anomalies​ ​by​ ​SST.​ ​Najjar​ ​and​ ​Keeling​ ​(2000)​ ​later​ ​improved​ ​this​

​approach​ ​by​ ​adding​ ​corrections​ ​for​ ​DO​ ​anomalies​ ​caused​ ​by​​air​​bubble​​injection​​and​​by​​using​

​different​​skin​​temperature​​corrections.​​These​​methods​​captured​​the​​hemispheric-scale​​air-sea​​O​​2​

​flux​ ​seasonal​ ​cycle,​ ​but​ ​significantly​ ​underestimated​ ​the​ ​amplitude​ ​of​ ​high-latitude​ ​flux,​​when​

​compared​ ​to​ ​values​ ​inferred​ ​from​ ​baseline​ ​surface​ ​station​ ​observations​ ​(Najjar​ ​and​ ​Keeling,​

​2000)​​.​

​Garcia​ ​and​ ​Keeling​ ​(2001,​ ​referred​ ​to​ ​as​ ​GK01)​ ​presented​ ​an​ ​important​ ​advancement​ ​by​

​developing​​a​​new​​methodology​​that​​binned​​DO​​data​​by​​increments​​in​​seasonal​​air-sea​​heat​​flux​

​anomalies.​ ​This​ ​method​ ​takes​ ​advantage​ ​of​ ​a​ ​tight​ ​relationship​ ​between​ ​O​​2​ ​flux​​and​​heat​​flux,​

​regardless​ ​of​ ​whether​ ​the​ ​O​​2​ ​flux​ ​is​ ​driven​ ​by​ ​thermal​ ​or​ ​biological​ ​processes​ ​(Garcia​ ​and​

​Keeling,​ ​2001;​ ​Keeling​ ​et​ ​al.,​ ​1993)​​.​ ​However,​ ​when​ ​compared​ ​to​ ​hemispheric​ ​fluxes​ ​derived​

​from​ ​airborne​ ​atmospheric​ ​O​​2​ ​measurements,​ ​this​ ​product​ ​still​ ​shows​​clear​​biases​​that​​indicate​

​limitations​ ​in​ ​sampling​ ​coverage​ ​and​ ​O​​2​ ​flux​ ​to​ ​heat​ ​flux​ ​assumptions​ ​(Bent,​ ​2014;​ ​Jin​ ​et​ ​al.,​

​2023,​​2025)​​.​​These​​biases​​include​​underestimated​​seasonal​​flux​​amplitude​​in​​both​​hemispheres,​

​underestimated​ ​northern​ ​wintertime​ ​O​​2​ ​uptake,​ ​a​ ​missing​ ​late-summer​​O₂​​outgassing​​period​​in​

​the​ ​Northern​ ​Hemisphere,​ ​an​ ​unresolved​ ​seasonal​ ​flux​ ​asymmetry​ ​between​ ​hemispheres,​ ​and​

​flux phase timing approximately 2 weeks too early in the Southern Hemisphere.​

​Recently,​ ​advances​ ​in​ ​machine​ ​learning​ ​(ML)​ ​techniques​ ​have​ ​revolutionized​ ​the​ ​ability​ ​to​

​interpolate​ ​sparse​ ​ocean​ ​measurements​ ​into​ ​comprehensive​ ​gridded​ ​products,​ ​thus​ ​enabling​

​improved​ ​calculations​ ​of​ ​regional​ ​and​ ​global​ ​dissolved​ ​O​​2​ ​across​ ​seasonal​ ​to​ ​interannual​
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​timescales.​​GOBAI-O​​2​​(Sharp​​et​​al.,​​2023)​​,​​a​​recent​​ML-based​​product,​​establishes​​relationships​

​between​​DO​​collected​​from​​Argo​​floats​​and​​ships​​and​​physical​​variables​​including​​temperature,​

​salinity,​​location,​​and​​time.​​This​​product​​successfully​​generates​​monthly​​3D​​maps​​of​​DO​​to​​2000​

​meters​​depth​​from​​2004​​onwards​​with​​high​​accuracy.​​This​​product​​offers​​the​​opportunity​​to​​place​

​new​ ​constraints​ ​on​ ​air-sea​ ​O​​2​ ​fluxes.​ ​It​ ​is​ ​important​ ​to​ ​note​ ​that​ ​there​ ​are​ ​other​ ​gridded​ ​DO​

​products​ ​based​ ​on​ ​either​ ​ML​ ​methods​ ​(Huang​ ​et​ ​al.,​ ​2023;​ ​Ito​ ​et​ ​al.,​ ​2024)​​or​​other​​statistical​

​methods​ ​(Garcia​ ​et​ ​al.,​ ​2024;​ ​Gouretski​ ​et​ ​al.,​ ​2024;​ ​Roach​ ​and​ ​Bindoff,​ ​2023;​ ​Zhou​ ​et​ ​al.,​

​2022)​​,​ ​but​ ​here​ ​we​ ​choose​ ​to​ ​focus​ ​only​ ​on​ ​GOBAI-O​​2​​,​ ​because​ ​it​ ​provides​ ​detailed​

​component-level​ ​DO​ ​uncertainty​ ​estimates,​ ​which​ ​are​ ​essential​ ​for​ ​robust​ ​uncertainty​

​propagation in our flux calculations.​

​Here​ ​we​ ​utilize​ ​the​ ​latest​ ​GOBAI-O​​2​ ​version​ ​2.3​ ​(v2.3)​ ​to​ ​produce​ ​the​ ​first​ ​multi-decadal,​

​seasonally​ ​resolved​ ​and​ ​interannually​ ​varying​ ​monthly​ ​gridded​ ​air-sea​ ​O​​2​ ​flux​ ​product.​ ​We​

​generate​ ​a​ ​large​ ​ensemble​ ​of​ ​DO​ ​estimates​ ​by​ ​accounting​ ​for​ ​measurement​ ​and​ ​method​

​uncertainties​ ​from​ ​the​ ​GOBAI-O​​2​ ​product.​ ​We​ ​then​ ​calculate​ ​fluxes​ ​using​ ​three​ ​gas-exchange​

​schemes​ ​that​ ​consider​ ​both​ ​diffusive​ ​and​ ​bubble-mediated​ ​gas​ ​exchange,​ ​combined​ ​with​ ​three​

​wind​ ​products.​ ​This​ ​approach​ ​yields​ ​a​ ​large​ ​ensemble​ ​of​ ​9000​ ​flux​ ​estimates​ ​that​ ​captures​

​uncertainties​ ​from​ ​DO​ ​fields,​ ​gas​ ​exchange​ ​parameterizations,​ ​and​ ​wind​ ​speeds.​ ​We​ ​calculate​

​annual​ ​mean​ ​DO​ ​concentration​ ​adjustments​ ​to​ ​match​ ​annual​ ​mean​ ​fluxes​ ​with​ ​global​ ​annual​

​fluxes​​derived​​from​​scaling​​ocean​​heat​​uptake​​(Keeling​​and​​Manning,​​2014)​​,​​and​​regional​​annual​

​fluxes​ ​derived​ ​from​ ​five​ ​ocean​ ​inversions​​(Resplandy​​et​​al.,​​2016)​​.​​These​​adjustments​​are​​then​

​applied​ ​to​ ​the​ ​DO​ ​fields,​ ​and​ ​the​ ​fluxes​ ​are​ ​recalculated.​ ​We​ ​provide​ ​a​ ​detailed​ ​analysis​ ​to​

​identify​​the​​main​​sources​​of​​flux​​uncertainty​​for​​each​​ocean​​basin​​across​​different​​time​​scales.​​To​

​evaluate​​our​​flux​​product,​​we​​transport​​the​​resolved​​fluxes​​in​​an​​atmospheric​​transport​​model​​and​

​compare​ ​them​ ​with​ ​observations​ ​from​ ​global​ ​airborne​ ​surveys​ ​and​ ​surface​ ​stations.​ ​Our​ ​flux​

​product​​performs​​well​​against​​these​​independent​​observation​​metrics.​​The​​flux​​product​​has​​broad​

​potential applications in studies of marine biogeochemistry and the global carbon cycle.​
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​2 Methods​

​2.1 Machine-learning-based dissolved oxygen product​

​We​ ​calculate​ ​monthly​ ​air-sea​ ​O​​2​ ​flux​ ​using​ ​mixed-layer​ ​ocean​ ​DO​ ​data​ ​from​ ​the​ ​GOBAI-O​​2​

​dataset​​(Sharp​​et​​al.,​​2023)​​.​​The​​dataset​​covers​​about​​86%​​of​​the​​global​​ocean​​(by​​surface​​area)​

​from​​-179.5°​​to​​179.5°​​longitude​​and​​-64.5°​​to​​79.5°​​latitude​​on​​a​​1°×1°​​grid,​​extending​​from​​the​

​surface​ ​to​ ​2000-m​ ​depth.​​GOBAI-O​​2​ ​is​​an​​observation-based​​product​​of​​3D​​gridded​​DO​​fields,​

​constructed​​by​​training​​feed-forward​​neural​​networks​​(FFNNs)​​to​​relate​​sparse​​DO​​observations​

​from​ ​BGC​ ​Argo​ ​float-mounted​ ​sensors​ ​(Bittig​ ​et​ ​al.,​ ​2022)​ ​and​ ​discrete​ ​measurements​ ​from​

​ship-based​ ​surveys​ ​(​​GLODAPv2.2022,​ ​Olsen​ ​et​ ​al.,​ ​2016)​ ​with​ ​input​ ​variables​ ​including​

​temperature,​​salinity,​​and​​spatiotemporal​​information​​(latitude,​​longitude,​​year,​​and​​day​​of​​year).​

​The​ ​trained​ ​FFNNs​ ​are​ ​applied​ ​to​​Argo-based​​monthly​​gridded​​values​​(Roemmich​​and​​Gilson,​

​2009)​​of​​temperature,​​salinity,​​and​​potential​​density​​anomaly,​​along​​with​​pressure,​​bottom​​depth,​

​and spatiotemporal information.​

​We​​use​​GOBAI-O​​2​ ​v2.3​​(Sharp​​et​​al.,​​2025)​​,​​which​​extends​​from​​2004​​through​​2024​​at​​monthly​

​resolution,​ ​and​ ​employs​ ​an​ ​updated​ ​methodology​ ​compared​ ​to​ ​the​ ​earlier​ ​version​ ​(v2.1)​

​described​ ​in​ ​Sharp​ ​et​ ​al.​ ​(2023).​ ​The​ ​v2.3​ ​methodology​ ​uses​ ​a​ ​Gaussian​ ​mixture​ ​model,​ ​a​

​statistical​​clustering​​algorithm​​that​​identifies​​regions​​with​​similar​​oceanographic​​characteristics,​

​to​​partition​​the​​global​​ocean​​into​​distinct​​clusters​​based​​on​​sparse​​observations​​from​​BGC​​Argo​

​floats​​and​​ship-based​​measurements.​​Within​​each​​cluster,​​an​​ensemble​​of​​three​​FFNNs​​is​​trained​

​to​ ​capture​ ​region-specific​ ​dependencies​ ​of​ ​DO​ ​on​ ​other​​input​​variables​​and​​quantify​​algorithm​

​uncertainty.​ ​This​ ​clustering​ ​approach​ ​allows​ ​each​ ​FFNN​ ​ensemble​ ​to​ ​be​ ​trained​ ​on​ ​data​ ​with​

​reduced variability, improving prediction accuracy compared to a single global model.​

​The​ ​v2.3​ ​update​ ​also​ ​includes​ ​improved​ ​bias​ ​adjustment​ ​procedures​ ​for​ ​float​ ​and​ ​ship​

​measurements​ ​to​ ​enhance​ ​agreement​ ​between​​the​​two​​data​​types​​and​​reduce​​systematic​​offsets.​

​Unlike​​previous​​versions,​​v2.3​​does​​not​​use​​random​​forest​​regressions​​(RFRs).​​Model​​simulation​

​tests​ ​indicated​ ​that​ ​although​ ​RFRs​​were​​effective​​at​​estimating​​DO​​for​​withheld​​data​​similar​​to​

​the​ ​training​ ​data,​ ​they​ ​exhibited​ ​high​ ​errors​ ​when​ ​encountering​ ​data​ ​significantly​ ​outside​ ​the​

​spatiotemporal bounds of the training data.​
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​The​​earlier​​GOBAI-O​​2​ ​v2.1​​product​​was​​evaluated​​by​​comparing​​output​​from​​validation​​versions​

​of​ ​its​ ​algorithms​ ​to​ ​withheld​​observational​​data​​(Sharp​​et​​al.,​​2023)​​.​​The​​evaluation​​showed​​no​

​systematic​ ​biases,​ ​with​ ​a​ ​minimal​ ​global​ ​mean​ ​offset​ ​of​ ​-0.2​ ​μmol​ ​kg​​-1​​,​ ​and​ ​global​ ​mean​

​root-mean-square​​differences​​(RMSD)​​of​​8.8​​μmol​​kg​​-1​​.​​New​​evaluation​​statistics​​for​​GOBAI-O​​2​

​v2.3​ ​with​ ​an​ ​even​ ​more​ ​comprehensive​ ​k​​-fold​ ​cross-validation​ ​approach​ ​that​ ​tests​ ​every​

​observational​​data​​point​​show​​a​​global​​mean​​offset​​of​​0.0​​μmol​​kg​​-1​​,​​and​​global​​mean​​RMSD​​of​

​8.3​ ​μmol​ ​kg​​-1​​.​ ​Errors​ ​can​ ​be​ ​larger​ ​(or​ ​smaller)​ ​when​ ​analyzed​ ​for​ ​individual​ ​regions,​ ​and​ ​a​

​comprehensive​ ​uncertainty​ ​estimate​ ​for​ ​GOBAI-O​​2​ ​is​ ​available​ ​and​ ​incorporated​ ​into​ ​our​

​analysis (see Section 2.2).​

​2.2 Mixed-layer DO large ensemble​

​We​ ​calculate​ ​mixed-layer​ ​averages​ ​of​ ​DO,​ ​temperature,​ ​and​ ​salinity​ ​to​ ​obtain​ ​representative​

​surface​ ​properties​ ​for​ ​O​​2​ ​flux​​calculations.​​mixed-layer​​depth​​(MLD)​​is​​defined​​as​​the​​depth​​at​

​which​ ​potential​ ​density​ ​exceeds​ ​the​ ​potential​ ​density​ ​at​ ​10​ ​m​ ​depth​ ​by​ ​0.03​​kg​​m​​-3​​(De​​Boyer​

​Montégut​​et​​al.,​​2004)​​.​​Potential​​density​​is​​calculated​​following​​the​​Thermodynamic​​Equation​​Of​

​Seawater​ ​-​ ​2010​ ​(TEOS-10)​ ​standard,​ ​using​ ​depth,​ ​and​ ​temperature​ ​and​ ​salinity​ ​from​ ​EN4,​

​which are also used as the input variable in GOBAI-O​​2​​.​

​We​ ​generate​ ​a​ ​large​ ​ensemble​ ​(1000​ ​members)​ ​of​ ​2D​ ​(longitude​ ​×​ ​latitude)​ ​gridded​ ​monthly​

​mixed-layer-averaged​ ​DO​ ​fields,​ ​based​ ​on​ ​the​ ​reported​ ​GOBAI-O​​2​ ​uncertainties.​ ​The​ ​total​

​uncertainty​ ​consists​ ​of​ ​three​ ​components​ ​reported​ ​individually​ ​for​ ​each​ ​monthly​ ​3D​ ​grid​

​(longitude​ ​×​ ​latitude​ ​×​ ​depth),​ ​which​ ​are​ ​measurement​ ​uncertainty,​ ​representation/gridding​

​uncertainty,​ ​and​ ​algorithm​ ​uncertainty.​ ​We​ ​combine​ ​representation/gridding​ ​uncertainty​ ​with​

​algorithm uncertainty into a single method uncertainty term using a root sum of squares.​

​For​ ​each​ ​monthly​ ​2D​ ​grid​ ​cell,​ ​which​ ​combines​ ​estimates​ ​averaged​ ​from​ ​multiple​ ​depths,​

​measurement​ ​and​ ​method​ ​uncertainty​ ​are​ ​calculated​ ​as​ ​a​ ​scaled​ ​sum​ ​of​ ​uncertainties​ ​across​

​vertical grid cells within the MLD, following​
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​where​ ​s​ ​denotes​ ​the​ ​source​ ​of​ ​uncertainty,​ ​i​ ​denotes​ ​each​ ​2D​​location,​​t​​denotes​​each​​month,​​j​

​denotes​ ​the​ ​vertical​ ​grid​​level,​​ρ​​denotes​​correlation,​​and​​n​​denotes​​the​​total​​number​​of​​vertical​

​grid​ ​levels​ ​for​ ​each​ ​2D​ ​location​ ​(i)​ ​and​ ​time​ ​(t)​ ​within​ ​the​ ​MLD.​ ​We​ ​assume​ ​that​ ​method​

​uncertainty​ ​has​ ​a​ ​vertical​ ​correlation​ ​of​ ​0.8,​ ​while​ ​measurement​ ​uncertainty​ ​is​ ​vertically​

​uncorrelated.​ ​We​ ​then​ ​calculate​ ​separate​ ​monthly​ ​climatological​ ​averages​ ​of​ ​measurement​​and​

​method uncertainty for each 2D grid cell.​

​For​ ​each​ ​ensemble​ ​member,​ ​we​ ​add​ ​perturbations​​to​​the​​mean​​mixed-layer-averaged​​DO​​field,​

​where​​the​​perturbations​​consist​​of​​systematic​​method​​uncertainty​​that​​is​​assumed​​to​​be​​correlated​

​spatially​ ​with​ ​a​ ​500​ ​km​ ​exponential​ ​decay​ ​scale​ ​and​ ​temporally​ ​with​ ​a​ ​3-month​ ​exponential​

​decay​ ​scale.​ ​It​ ​also​ ​includes​ ​random​ ​climatological​ ​measurement​ ​uncertainty​ ​applied​

​independently to each 2D grid point and each time step without spatial and temporal correlation.​

​2.3 Air-sea O​​2​ ​flux calculation​

​We​ ​calculate​ ​“raw”​ ​air-sea​ ​O​​2​ ​fluxes​ ​using​ ​three​ ​gas​ ​exchange​ ​parameterization​ ​schemes​

​(Appendix​​A)​​that​​consider​​bubble-mediated​​fluxes,​​which​​are​​from​​Woolf​​(1997,​​referred​​to​​as​

​W97)​​,​ ​Liang​ ​et​ ​al.​ ​(2013,​ ​referred​​to​​as​​L13)​​,​​and​​Stanley​​et​​al.​​(2009,​​referred​​to​​as​​S09)​​.​​We​

​use​ ​three​ ​2-m​ ​wind​ ​products​ ​from​ ​CCMP​​(Mears​​et​​al.,​​2022)​​,​​ERA-5​​(Hersbach​​et​​al.,​​2020)​​,​

​and​​JRA-3Q​​(Kosaka​​et​​al.,​​2024)​​.​​The​​combination​​of​​three​​parameterization​​schemes​​and​​three​

​wind​ ​products​ ​generates​ ​nine​ ​flux​ ​models.​ ​Each​ ​flux​ ​model​ ​is​ ​applied​ ​to​ ​the​ ​DO​ ​ensemble​

​(Section 2.2) from GOBAI-O​​2​​, resulting in 9000 flux estimates.​

​The​​net​​air-sea​​O​​2​ ​flux​​(F​​T​​)​​calculation​​consists​​of​​O​​2​ ​diffusive​​flux​​(F​​s​​)​​and​​flux​​due​​to​​bubbles​

​(F​​b​​), following​

​where​ ​c​​ice​ ​is​ ​the​ ​monthly​ ​sea-ice​ ​fraction​ ​from​ ​HadISST​ ​(Rayner​ ​et​ ​al.,​ ​2003)​​.​​In​​the​​L13​​and​

​S09​ ​schemes,​ ​F​​b​ ​is​ ​further​ ​decomposed​ ​into​ ​flux​ ​due​​to​​large​​bubbles​​that​​do​​not​​collapse​​(F​​p​​)​

​and flux due to small bubbles that collapse (F​​c​​), following​
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​F​​s​ ​is​ ​calculated​​as​​the​​product​​of​​O​​2​ ​anomaly​​(​ ​)​​and​​gas​​exchange​​velocity​​(k​​s​​),​​which​​is​

​different​ ​in​ ​each​ ​scheme.​ ​The​ ​anomaly​ ​is​ ​calculated​ ​as​ ​the​ ​deviation​ ​of​ ​DO​ ​from​ ​GOBAI​ ​(​

​) plus an annual mean adjustment term (δ) against O​​2​ ​saturation (​ ​), following​

​This​ ​adjustment​ ​term​ ​constrains​ ​the​ ​regional​ ​and​ ​global​ ​annual​ ​mean​ ​O​​2​ ​fluxes​ ​based​ ​on​

​independent observation-based estimates as described in the following Section 2.4.​

​F​​p​ ​in​ ​Eq.​ ​3​ ​is​ ​calculated​ ​as​ ​the​ ​product​​of​​the​​gas​​exchange​​coefficient​​across​​the​​large​​bubble​

​interface​ ​and​ ​Δ[O​​2​​].​ ​F​​c​ ​is​ ​calculated​ ​as​ ​the​ ​product​ ​of​ ​a​ ​mass​ ​transfer​ ​coefficient​ ​(k​​c​​)​ ​and​ ​a​

​constant O​​2​ ​atmospheric mole fraction (​ ​= 0.2094).​

​Full​ ​descriptions​ ​of​ ​the​ ​three​ ​gas​ ​exchange​ ​schemes​ ​are​ ​presented​ ​in​ ​Appendix​ ​A,​ ​following​

​Emerson and Bushinsky​​(2016)​​.​

​2.4 Annual mean DO adjustments​

​Calculating​​the​​annual​​mean​​O​​2​ ​flux​​from​​surface​​ocean​​measurements​​is​​challenging​​because​​it​

​requires​​detecting​​a​​small​​net​​signal​​against​​much​​larger​​seasonal​​variations​​that​​typically​​cancel​

​out​ ​over​ ​the​ ​seasonal​ ​cycle.​ ​The​ ​annual​ ​mean​ ​flux​ ​is​ ​therefore​ ​particularly​ ​sensitive​ ​to​

​methodological​ ​choices​ ​(e.g.,​ ​gas​ ​exchange​​scheme)​​and​​to​​corrections​​for​​DO​​anomalies​​from​

​sea level pressure variations and skin temperature effects​​(Najjar and Keeling, 2000)​​.​

​Here​ ​we​ ​apply​ ​independent​​constraints​​to​​force​​the​​global​​annual​​mean​​flux​​to​​equal​​smoothed​

​annually-varying​ ​values​ ​derived​ ​from​ ​scaling​ ​ocean​​heat​​content​​changes,​​which​​average​​to​​61​

​Tmol​ ​year​​-1​ ​over​ ​2004-2024.​ ​The​ ​O​​2​ ​flux​ ​to​ ​heat​ ​flux​ ​relationship​ ​is​ ​primarily​ ​valid​ ​on​ ​the​

​decadal​ ​timescale​ ​and​ ​at​ ​global​ ​scales​ ​(Keeling​ ​and​ ​Garcia,​ ​2002)​​.​ ​Details​ ​are​ ​presented​ ​in​

​Appendix B.​

​We​ ​also​ ​force​ ​regional​ ​annual​ ​mean​ ​fluxes​ ​(six​ ​ocean​ ​regions,​ ​Fig.​​B1)​​to​​match​​those​​from​​a​

​randomly​ ​selected​ ​one​ ​of​ ​the​ ​five​ ​ocean​ ​inversions​ ​(Table​ ​B2)​ ​reported​ ​in​ ​Resplandy​ ​et​ ​al.​

​(2016)​​.​ ​We​ ​optimize​ ​the​​constant​​adjustments​​(δ),​​and​​add​​them​​to​​each​​DO​​ensemble​​member​

​(Eq.​ ​4).​ ​This​ ​constant​ ​DO​ ​adjustment​ ​term​ ​varies​ ​for​​each​​of​​the​​six​​ocean​​regions,​​each​​year,​

​and​ ​each​ ​flux​ ​ensemble​ ​member.​ ​This​ ​adjustment​ ​method​ ​is​ ​adapted​ ​from​ ​an​ ​early​ ​study​ ​of​
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​Najjar​​and​​Keeling​​(2000)​​,​​who​​applied​​a​​globally​​uniform​​adjustment​​of​​0.7​​μmol​​kg​​-1​ ​to​​their​

​gridded​​DO​​datasets​​to​​force​​zero​​global​​annual​​mean​​flux.​​These​​annual​​adjustments​​effectively​

​remove​ ​interannual​ ​variability​ ​(IAV)​ ​in​ ​the​ ​ensemble​​mean​​annual​​mean​​fluxes​​in​​our​​product,​

​while​​the​​smoothed​​global​​mean​​flux​​trend​​and​​IAV​​in​​seasonal​​cycles​​are​​preserved.​​A​​previous​

​study​ ​suggests​ ​that​ ​the​ ​IAV​ ​of​ ​global​ ​annual​ ​mean​ ​O​​2​ ​flux​ ​is​ ​driven​ ​primarily​ ​by​ ​ocean​

​ventilation​​rather​​than​​ocean​​heat​​flux​​on​​this​​timescale​​(Hamme​​and​​Keeling,​​2008)​​.​​We​​present​

​further details on the adjustments and their uncertainty in Appendix B.​

​2.5 Flux uncertainty​

​We​​estimate​​gridded​​monthly​​flux​​uncertainty​​using​​a​​large​​flux​​ensemble​​(9000​​members)​​that​

​incorporates​ ​DO​ ​uncertainty,​ ​including​ ​additional​ ​uncertainty​ ​from​ ​annual​ ​mean​ ​DO​

​adjustments,​ ​gas​​exchange​​uncertainty,​​and​​wind​​uncertainty.​​In​​our​​air-sea​​O​​2​ ​flux​​product,​​we​

​report​ ​the​ ​1-σ​ ​uncertainty​ ​for​ ​each​ ​grid​ ​cell​ ​as​ ​the​ ​standard​ ​deviation​ ​across​ ​all​ ​ensemble​

​members.​ ​We​ ​report​ ​regional​ ​average​ ​fluxes​ ​and​ ​their​ ​uncertainties​ ​for​ ​18​ ​RECCAP2​ ​ocean​

​regions​ ​and​ ​both​ ​hemispheres​ ​at​ ​monthly​ ​climatological​ ​and​ ​annual​ ​timescales.​ ​Regional​

​uncertainty​ ​is​ ​calculated​ ​as​ ​the​ ​standard​ ​deviation​ ​of​ ​area-weighted​ ​average​ ​fluxes​ ​across​ ​all​

​ensemble members for each region.​

​We​ ​quantify​ ​the​ ​fractional​ ​variance​ ​contribution​ ​of​ ​each​ ​uncertainty​ ​source​ ​to​ ​total​ ​flux​

​uncertainty​​using​​a​​three-way​​factorial​​mixed-effects​​analysis​​of​​variance​​(ANOVA).​​The​​model​

​is​​implemented​​with​​restricted​​maximum​​likelihood​​estimation​​(REML)​​in​​R​​(Bates​​et​​al.,​​2015)​​.​

​The​ ​model​ ​treats​ ​the​ ​use​ ​of​ ​three​ ​different​ ​wind​ ​products​ ​and​ ​three​ ​gas​ ​exchange​

​parameterization​ ​schemes​ ​as​ ​fixed​ ​effects,​ ​while​ ​DO​ ​fields​ ​(1000​ ​members)​ ​are​ ​included​ ​as​ ​a​

​random​ ​effect.​ ​The​ ​model​ ​also​ ​includes​ ​interaction​ ​terms​ ​that​ ​capture​ ​methodological​

​interactions​ ​between​ ​wind​ ​and​ ​gas​ ​exchange​ ​parameterization,​ ​as​ ​well​ ​as​ ​DO-dependent​

​interactions​​that​​represent​​how​​methodological​​uncertainties​​vary​​across​​different​​DO​​conditions.​

​Variance​​components​​from​​the​​fitted​​model​​determine​​the​​percentage​​contribution​​of​​each​​source​

​to​ ​total​ ​uncertainty.​ ​This​ ​analysis​ ​is​ ​conducted​ ​for​ ​18​ ​RECCAP2​ ​ocean​ ​regions​ ​and​ ​both​

​hemispheres at monthly climatological and annual timescales.​
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​2.6 Flux evaluation​

​We​​evaluate​​our​​flux​​products​​by​​transporting​​the​​gridded​​ensemble​​mean​​air-sea​​O​​2​ ​flux​​in​​the​

​TM3​​atmospheric​​transport​​model​​(Heimann​​and​​Körner,​​2003).​​For​​ocean​​grid​​cells​​not​​covered​

​by​ ​the​ ​GOBAI-O​​2​ ​product,​ ​we​ ​set​ ​the​ ​flux​ ​to​ ​zero.​ ​TM3​ ​is​ ​an​ ​offline​ ​tracer​ ​transport​ ​model​

​driven​​by​​NCEP​​reanalysis​​(Kalnay​​et​​al.,​​1996)​​,​​run​​on​​a​​spatial​​resolution​​of​​5°​​longitude,​​3.8°​​​

​latitude​ ​and​ ​19​ ​vertical​ ​levels.​ ​The​ ​TM3​ ​forward​ ​transport​ ​produces​ ​station​ ​and​ ​airborne​

​co-samples​ ​at​ ​measurement​ ​locations​ ​and​ ​times​ ​for​ ​direct​ ​comparison​ ​with​ ​observations.​ ​We​

​focus specifically on evaluating the seasonal cycle and adjusted annual mean flux.​

​We​ ​compare​ ​TM3​ ​simulations​ ​with​ ​measurements​ ​of​ ​atmospheric​ ​potential​ ​oxygen​ ​(APO,​

​Stephens​​et​​al.,​​1998)​​that​​are​​further​​corrected​​to​​represent​​changes​​due​​to​​air-sea​​O​​2​ ​flux​​alone​

​(Appendix​ ​C).​ ​We​ ​refer​ ​to​ ​this​ ​corrected​ ​atmospheric​ ​tracer​ ​as​ ​and​ ​its​ ​atmospheric​

​abundance as​ ​. APO is defined following​

​where​ ​δ(O​​2​​/N​​2​​)​ ​is​ ​measured​​as​​deviations​​in​​the​​O​​2​​to​​N​​2​ ​ratio​​relative​​to​​an​​arbitrary​​reference​

​multiplied​ ​by​ ​10​​6​ ​and​ ​expressed​ ​in​ ​units​ ​of​ ​per​ ​meg,​ ​CO​​2​ ​is​ ​the​ ​measured​ ​atmospheric​

​concentration​ ​of​ ​CO​​2​ ​in​ ​ppm​ ​units,​ ​is​ ​the​​mole​​fraction​​of​​O​​2​ ​in​​the​​atmosphere​​(0.2094),​

​and​​the​​constant​​1.1​​is​​an​​approximation​​of​​the​​exchange​​ratio​​of​​O​​2​ ​production/consumption​​to​

​CO​​2​ ​consumption/production​​from​​the​​terrestrial​​biosphere​​(Severinghaus,​​1995)​​.​​The​​ppm​​unit​

​for CO​​2​ ​is converted to equivalent per meg units by dividing by​ ​(Keeling et al., 1998a)​​.​

​2.7 Atmospheric measurements​

​We​ ​use​ ​airborne​ ​APO​ ​data,​ ​calculated​ ​from​ ​O​​2​ ​and​ ​CO​​2​ ​measurements​ ​made​ ​by​ ​the​ ​NCAR​

​Atmospheric​ ​Oxygen​ ​instrument​ ​(AO2)​​and​​NCAR​​/​​Scripps​​Medusa​​Flask​​Sampler​​(Stephens​

​et​​al.,​​2021g)​​,​​from​​three​​global​​to​​regional​​aircraft​​surveys​​(Stephens​​et​​al.,​​2018;​​Thompson​​et​

​al.,​ ​2022;​ ​Wofsy,​ ​2011)​ ​to​ ​evaluate​ ​flux​ ​seasonal​ ​cycles​​and​​annual​​mean​​latitudinal​​gradients.​

​These​ ​airborne​ ​data​ ​are​ ​available​ ​in​ ​separate​ ​months​ ​spanning​ ​2009​ ​to​ ​2018,​ ​with​ ​sufficient​

​temporal​ ​coverage​ ​to​ ​resolve​ ​a​ ​climatological​ ​seasonal​ ​cycle​ ​and​ ​provide​ ​nearly​ ​pole-to-pole​

​coverage​​(Fig.​​S1)​​from​​the​​boundary​​layer​​to​​above​​the​​tropopause​​(Jin​​et​​al.,​​2023)​​.​​We​​group​
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​10-second​​airborne​​data​​into​​eight​​latitude​​bands​​from​​80°S​​to​​80°N​​at​​20°​​intervals​​and​​average​

​over​​the​​1000-​​to​​400-mbar​​range​​to​​produce​​tropospheric-average​​estimates.​​Prior​​to​​grouping,​

​all​ ​stratospheric​ ​data​ ​are​ ​excluded,​ ​with​ ​stratospheric​ ​air​ ​defined​​by​​observed​​water​​vapor​​less​

​than​ ​50​ ​ppm​ ​and​ ​either​ ​O​​3​ ​greater​​than​​150​​ppb​​or​​N​​2​​O​​(detrended​​to​​the​​reference​​year​​2009)​

​less​ ​than​ ​319​ ​ppb​ ​(Jin​​et​​al.,​​2021)​​.​​Water​​vapor​​and​​O​​3​ ​were​​measured​​by​​the​​NOAA​​UCATS​

​instrument​ ​(Hintsa​ ​et​ ​al.,​ ​2021)​ ​and​ ​were​ ​interpolated​ ​to​ ​a​ ​10-second​ ​resolution.​ ​N​​2​​O​ ​was​

​measured​ ​by​ ​the​ ​Harvard​ ​QCLS​​instrument​​(Santoni​​et​​al.,​​2014)​​.​​We​​also​​exclude​​data​​within​

​the boundary layer and during missed approach​​(Jin et al., 2021)​​.​

​We​​also​​use​​APO​​measurements​​made​​on​​flasks​​collected​​at​​10​​sampling​​sites​​within​​the​​Scripps​

​O​​2​ ​Program​​surface​​flask​​network​​(Keeling,​​2019)​​to​​evaluate​​global​​annual​​mean​​fluxes.​​These​

​stations​​extend​​from​​the​​South​​Pole​​to​​82.3°N,​​primarily​​along​​the​​Pacific,​​with​​data​​available​​as​

​early as 1991 at roughly bi-monthly resolution for each station (Fig. S1).​

​For​ ​each​ ​measurement,​ ​we​ ​correct​ ​APO​ ​observations​ ​for​ ​non-oceanic​ ​O​​2​ ​flux​ ​components​ ​to​

​derive​ ​.​ ​These​ ​corrections​ ​include​ ​air-sea​ ​N​​2​ ​and​ ​CO​​2​ ​fluxes,​ ​fossil​​fuel​​CO​​2​ ​emissions​

​and​​O​​2​ ​uptake​​(full​​derivation​​in​​Appendix​​C).​​We​​use​​two​​air-sea​​N​​2​ ​flux​​estimates,​​two​​air-sea​

​CO​​2​ ​flux​ ​estimates,​ ​and​ ​two​ ​fossil​ ​fuel​ ​O​​2​ ​and​ ​CO​​2​ ​flux​ ​estimates,​ ​all​ ​transported​ ​by​ ​four​

​different​ ​transport​ ​models,​ ​yielding​ ​32​ ​unique​ ​correction​ ​combinations.​ ​These​ ​flux​ ​transport​

​outputs​​are​​available​​from​​a​​previous​​APO​​model​​intercomparison​​project​​(Jin​​et​​al.,​​2025)​​that​

​provides​​direct​​co-sampling​​at​​observation​​locations​​and​​times.​​These​​32​​corrections​​are​​applied​

​to​ ​a​ ​large​ ​ensemble​ ​(1000​ ​members)​ ​of​ ​observations,​ ​yielding​ ​32,000​ ​members​ ​to​ ​quantify​

​correction​​uncertainty.​​It​​is​​important​​to​​note​​that​​these​​corrections​​have​​only​​minimal​​impact​​on​

​the​ ​seasonal​​cycle​​(Fig.​​C1),​​but​​are​​important​​for​​determining​​the​​trend​​in​​annual​​mean​

​(Section 3.2.2).​

​3 Results and Discussion​

​3.1 Air-sea O​​2​ ​flux​

​We​​present​​gridded​​seasonal​​flux​​climatology​​maps​​and​​uncertainty​​in​​Fig.​​1,​​as​​well​​as​​monthly​

​zonal-average​ ​fluxes​​(2004-2024​​average)​​and​​uncertainties​​in​​Fig.​​S1.​​Our​​analysis​​focuses​​on​

​examining​ ​seasonal​ ​flux​ ​patterns​ ​(Section​ ​3.1.1)​ ​and​ ​annual​ ​means​ ​(Section​ ​3.1.2).​ ​Fig.​ ​2​
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​presents​ ​monthly​ ​flux​ ​climatologies​ ​for​ ​18​ ​RECCAP2​ ​regions​ ​plus​ ​Northern​ ​and​ ​Southern​

​Hemisphere​ ​averages.​ ​Fig.​ ​3​ ​shows​ ​flux​ ​seasonal​ ​cycle​ ​amplitude​ ​(SCA)​ ​and​ ​annual​ ​mean​

​values,​​presented​​as​​both​​gridded​​fields​​and​​zonal​​averages​​with​​associated​​uncertainties.​​Fig.​​4​

​compares​ ​annual​ ​mean​ ​fluxes​ ​between​ ​regions,​ ​showing​ ​results​ ​both​ ​with​ ​and​ ​without​ ​annual​

​adjustments.​ ​Fig.​ ​5​ ​analyzes​ ​fractional​ ​contributions​ ​of​ ​each​ ​uncertainty​ ​source​ ​to​ ​total​ ​flux​

​uncertainty for climatological seasonal cycles and annual means across all 20 regions.​

​3.1.1 Flux seasonal variation​

​Our​​air-sea​​O​​2​ ​flux​​exhibits​​clear​​seasonal​​patterns.​​In​​each​​hemisphere​​(Figs.​​1​​and​​2S-T),​​there​

​is​ ​net​ ​outgassing​ ​during​ ​summer​ ​and​ ​net​ ​uptake​ ​during​ ​winter,​ ​with​ ​rapid​ ​transitions​ ​between​

​seasons.​​This​​pattern​​is​​consistent​​with​​the​​combined​​influence​​of​​thermal​​and​​biological​​forcing​

​that​ ​enhances​ ​the​ ​seasonal​ ​flux​ ​cycle.​​However,​​the​​two​​hemispheres​​show​​clear​​asymmetry​​in​

​seasonal​ ​flux​ ​phases​ ​(Figs.​ ​2S-T).​ ​The​ ​Northern​ ​Hemisphere​ ​exhibits​ ​prolonged​ ​summer​

​outgassing​ ​from​ ​April​​to​​November​​(7​​months)​​with​​two​​distinct​​peaks​​in​​June​​and​​September.​

​In​ ​contrast,​ ​the​ ​Southern​ ​Hemisphere​ ​shows​ ​only​ ​a​ ​slightly​ ​longer​ ​outgassing​ ​period​ ​than​ ​its​

​uptake​ ​period,​ ​without​ ​a​​clear​​double-peak​​structure.​​Despite​​this​​temporal​​asymmetry,​​the​​two​

​hemispheres​​exhibit​​nearly​​identical​​per-area​​flux​​SCAs,​​with​​17.7±1.48​​mol​​m​​-2​ ​yr​​-1​ ​in​​the​​north​

​and​​17.9±1.48​​mol​​m​​-2​ ​yr​​-1​ ​in​​the​​south​​(Table​​1).​​When​​accounting​​for​​the​​larger​​ocean​​area​​in​

​the​ ​Southern​ ​Hemisphere,​ ​however,​ ​the​ ​total​ ​SCA​ ​in​ ​the​ ​south​ ​(3385±280.2​ ​Tmol​ ​yr​​-1​​)​ ​is​

​significantly larger than that in the north (2257±187.2 Tmol yr​​-1​​).​

​Within​​each​​hemisphere,​​flux​​SCA​​is​​larger​​at​​mid-to-high​​latitudes​​(Figs.​​2A-C)​​due​​to​​stronger​

​seasonal​ ​variations​ ​in​ ​SST,​ ​heat​ ​flux,​ ​and​ ​biological​ ​production​ ​that​ ​drives​ ​larger​ ​seasonal​

​changes​ ​in​ ​surface​ ​ocean​ ​DO.​ ​In​ ​the​ ​Northern​ ​Hemisphere,​ ​flux​ ​SCA​ ​peaks​ ​at​ ​58.5°N​

​(88.3±10.16​​mol​​m​​-2​ ​yr​​-1​​,​​Fig.​​3C),​​driven​​by​​significant​​seasonal​​flux​​variations​​over​​the​​western​

​North​​Pacific​​and​​western​​North​​Atlantic​​(Figs.​​2A​​and​​G,​​3A).​​SCA​​is​​larger​​over​​the​​subpolar​

​North​​Atlantic​​(70.0±7.44​​mol​​m​​-2​ ​yr​​-1​​,​​Fig.​​2G)​​than​​the​​subpolar​​North​​Pacific​​(56.2±5.35​​mol​

​m​​-2​ ​yr​​-1​​,​ ​Fig.​ ​2A)​ ​due​ ​to​ ​stronger​ ​wintertime​​O​​2​ ​uptake,​​likely​​a​​thermal​​signal​​associated​​with​

​North​​Atlantic​​deep-water​​formation.​​North​​of​​58.5°N,​​SCA​​averages​​57.9​​mol​​m​​-2​ ​yr​​-1​ ​between​

​60°N​​and​​79.5°N.​​We​​note​​that​​the​​O​​2​ ​flux​​over​​the​​Arctic​​Ocean​​and​​Bering​​Strait​​is​​unavailable​

​in our product due to the lack of GOBAI-O​​2​ ​data.​
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​Moving​​southward​​in​​the​​North​​Pacific​​and​​North​​Atlantic,​​SCA​​values​​decrease​​from​​subpolar​

​regions​ ​to​ ​subtropical​ ​regions​ ​(Figs.​ ​2B,​ ​C,​ ​H,​ ​I,​ ​and​ ​Table​​1).​​The​​onset​​of​​net​​O​​2​ ​outgassing​

​and​​the​​peak​​timing​​both​​shift​​earlier​​from​​high​​to​​low​​latitudes,​​likely​​due​​to​​earlier​​bloom​​onset​

​and​​thermal​​changes​​at​​lower​​latitudes.​​Broad​​summer​​outgassing​​plateaus​​are​​evident​​over​​both​

​the​ ​North​ ​Pacific​ ​and​ ​Atlantic​ ​(Figs.​ ​2A,​ ​B,​​H),​​particularly​​prominent​​in​​Pacific​​subpolar​​and​

​subtropical-seasonally-stratified​ ​regions​ ​(Fig.​ ​2A-B)​ ​and​ ​the​ ​North​ ​Atlantic​

​subtropical-permanently-stratified​ ​region​ ​(Fig.​ ​2H).​​These​​“plateaus”​​and​​secondary​​outgassing​

​peaks​ ​result​ ​from​ ​the​ ​formation​ ​of​ ​a​ ​shallow​ ​oxygen​ ​maximum​ ​zone​ ​(SOM),​ ​which​ ​has​ ​been​

​observed​ ​over​ ​the​ ​North​​Pacific​​(Hayward,​​1994;​​Ishidoya​​et​​al.,​​2016)​​.​​The​​SOM​​forms​​when​

​strong​ ​summer​ ​stratification​ ​traps​ ​photosynthetically​ ​produced​ ​O​​2​ ​below​ ​the​ ​mixed-layer,​

​delaying outgassing until fall when the mixed-layer deepens.​

​In​​the​​Southern​​Hemisphere,​​flux​​SCA​​shows​​double​​peaks​​of​​39.0±4.71​​mol​​m​​-2​ ​yr​​-1​ ​at​​54.5°S​

​and​ ​39.6±3.67​ ​mol​ ​m​​-2​ ​yr​​-1​ ​at​ ​44.5°S​ ​(Fig.​ ​3C).​ ​Note​ ​that​ ​flux​ ​data​ ​south​ ​of​ ​64.5°S​ ​are​

​unavailable.​ ​SCA​ ​remains​ ​comparably​ ​large​ ​over​ ​the​ ​Southern​ ​Ocean​ ​subpolar​ ​region​

​(SO-SPSS,​ ​38.2±4.56​ ​mol​ ​m​​-2​ ​yr​​-1​​,​ ​Fig.​ ​2Q)​ ​and​ ​subtropics​ ​(35.2±3.00​ ​mol​ ​m​​-2​ ​yr​​-1​​,​ ​Fig.​ ​2P),​

​although​​both​​values​​are​​significantly​​smaller​​than​​those​​in​​the​​subpolar​​North​​Pacific​​and​​North​

​Atlantic.​​South​​of​​this​​subpolar​​region,​​the​​Southern​​Ocean​​seasonally​​ice-covered​​zone​​north​​of​

​64.5°S​ ​shows​ ​reduced​ ​SCA​ ​(26.6±3.44​ ​mol​ ​m​​-2​ ​yr​​-1​​,​ ​Fig.​ ​2R)​ ​due​ ​to​ ​winter​ ​ice​ ​coverage​ ​that​

​reduces​ ​the​ ​net​ ​O​​2​ ​sink.​ ​Equatorward,​ ​SCA​​is​​considerably​​smaller​​over​​permanently-stratified​

​regions,​ ​with​ ​values​ ​of​ ​9.1±0.70​​mol​​m​​-2​ ​yr​​-1​ ​in​​the​​Pacific​​(Fig.​​2F),​​12.8±0.92​​mol​​m​​-2​ ​yr​​-1​ ​in​

​the​​Atlantic​​(Fig.​​2K),​​and​​6.0±0.67​​mol​​m​​-2​ ​yr​​-1​ ​in​​the​​Southern​​Indian​​Ocean​​(Fig.​​2O).​​As​​in​

​the​ ​Northern​ ​Hemisphere,​ ​the​ ​Southern​ ​Hemisphere​ ​exhibits​ ​earlier​ ​phase​ ​shifts​ ​in​ ​outgassing​

​onset​​and​​peak​​timing​​from​​high​​to​​low​​latitudes.​​However,​​unlike​​the​​Northern​​Hemisphere,​​the​

​Southern​ ​Hemisphere​ ​does​ ​not​ ​exhibit​ ​pronounced​ ​"summer​ ​plateaus",​ ​likely​ ​because​ ​deeper​

​mixed-layers prevent formation of the SOM​​(Jin et al., 2023)​​.​

​Over​​the​​equatorial​​region,​​the​​Eastern​​Equatorial​​Pacific​​(Fig.​​2E),​​Equatorial​​Atlantic​​(Fig.​​2J),​

​and​ ​Equatorial​ ​Indian​ ​Ocean​ ​(Fig.​ ​2L)​ ​exhibit​ ​seasonal​ ​flux​ ​patterns​ ​that​ ​generally​ ​follow​ ​the​

​Southern​​Hemisphere​​cycle.​​However,​​maximum​​outgassing​​occurs​​approximately​​three​​months​

​later​​in​​the​​Equatorial​​Atlantic​​(Fig.​​2J)​​and​​Eastern​​Equatorial​​Pacific​​(Fig.​​2E)​​compared​​to​​the​

​Southern​ ​Hemisphere​ ​pattern.​ ​In​ ​the​ ​Arabian​ ​Sea​ ​(Fig.​ ​2L)​ ​and​ ​Bay​ ​of​ ​Bengal​ ​(Fig.​ ​2M),​
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​seasonal​​flux​​patterns​​exhibit​​double​​peaks​​in​​May​​and​​November,​​with​​the​​timing​​of​​maximum​

​uptake​​remaining​​generally​​consistent​​with​​the​​Southern​​Hemisphere​​flux​​cycle.​​In​​contrast,​​the​

​Western​ ​Equatorial​ ​Pacific​ ​(Fig.​ ​2D)​ ​shows​​minimal​​seasonal​​flux​​variation,​​with​​persistent​​O​​2​

​outgassing​ ​throughout​ ​the​ ​year.​ ​The​ ​seasonal​ ​cycle​ ​over​ ​the​ ​Eastern​ ​Equatorial​ ​Pacific​ ​is​

​primarily​​driven​​by​​upwelling​​of​​cold​​deep​​water.​​A​​similar​​upwelling​​mechanism​​operates​​over​

​the​ ​Eastern​ ​Equatorial​ ​Atlantic​ ​but​ ​with​ ​smaller​ ​magnitude.​ ​In​ ​the​ ​Arabian​ ​Sea​ ​and​ ​Bay​ ​of​

​Bengal,​ ​upwelling​ ​during​ ​the​ ​summer​ ​monsoon​ ​brings​ ​cold​ ​water​ ​to​ ​the​ ​surface​ ​through​

​Ekman-driven vertical transport​​(Schott and McCreary, 2001)​​.​

​Our​​flux​​estimates​​show​​no​​significant​​(p​​<​​0.05)​​SCA​​trends​​over​​most​​RECCAP2​​regions​​(Fig.​

​S3),​ ​except​ ​in​ ​the​ ​Southern​ ​Ocean​ ​subtropical​ ​seasonally-stratified​ ​zone​ ​(Fig.​ ​S3P),​ ​which​

​exhibits a trend of 2.2 mol m​​-2​ ​yr​​-1​ ​decade​​-1​​.​

​Air-sea​​O​​2​ ​flux​​calculations​​are​​sensitive​​to​​the​​choice​​of​​gas​​exchange​​parameterization​​scheme.​

​Figure​ ​A1​​shows​​that​​flux​​estimates​​vary​​considerably​​among​​different​​schemes,​​particularly​​at​

​the​ ​high​ ​latitudes​ ​and​ ​during​ ​winter​ ​when​​strong​​winds​​amplify​​gas​​exchange​​rates.​​Generally,​

​the​ ​L13​ ​scheme​ ​produces​ ​the​ ​smallest​ ​SCA​ ​due​ ​to​ ​its​ ​calculation​ ​of​ ​weaker​ ​wintertime​ ​O​​2​

​uptake,​​while​​the​​W97​​scheme​​yields​​the​​largest​​SCA.​​Over​​the​​Southern​​Ocean​​subpolar​​region​

​(Fig.​ ​A1Q),​ ​the​ ​wintertime​ ​peak​ ​O​​2​ ​uptake​ ​in​ ​August​ ​varies​ ​by​ ​approximately​ ​9​ ​mol​ ​m​​-1​ ​yr​​-1​

​around​ ​an​ ​ensemble​ ​mean​ ​of​ ​~34​ ​mol​ ​m​​-2​ ​yr​​-1​​.​​The​​impact​​of​​parameterization​​choice​​is​​much​

​smaller over low-latitude regions where wind speeds are generally lower.​

​Flux​ ​calculations​ ​are​ ​less​ ​sensitive​ ​to​ ​the​ ​choice​ ​of​ ​wind​ ​product.​ ​Figure​ ​A2​ ​shows​ ​that​ ​the​

​hemispheric-scale​ ​O​​2​ ​monthly​ ​flux​ ​climatologies​ ​are​ ​highly​ ​consistent​ ​across​ ​the​ ​three​ ​wind​

​products​​used.​​However,​​larger​​deviations​​occur​​for​​individual​​regions.​​Over​​the​​Southern​​Ocean​

​ice-covered​ ​zone​ ​(Fig.​ ​A2R),​ ​JRA-3Q​ ​produces​ ​the​ ​largest​ ​wintertime​ ​O​​2​ ​uptake.​ ​In​ ​other​

​high-latitude​ ​regions​ ​of​ ​both​ ​hemispheres,​ ​wintertime​ ​uptake​ ​is​ ​larger​ ​when​ ​using​ ​the​ ​CCMP​

​wind​ ​product,​ ​but​ ​remains​ ​close​ ​to​ ​the​ ​JRA-3Q-based​ ​estimate.​ ​Over​ ​the​ ​Bay​ ​of​ ​Bengal​ ​(Fig.​

​A2M),​ ​JRA-3Q​ ​produces​ ​much​ ​smaller​ ​JJA​ ​outgassing​ ​compared​ ​to​ ​the​ ​other​ ​wind​ ​products.​

​These​ ​wind​ ​products​ ​show​ ​considerable​ ​variation​ ​in​ ​this​ ​region,​ ​likely​ ​reflecting​ ​large​

​uncertainty​ ​in​ ​surface​ ​winds​ ​during​ ​the​ ​monsoon​ ​season.​ ​Gas​ ​exchange​ ​uncertainty​ ​and​ ​wind​

​uncertainty​ ​interact​ ​nonlinearly,​ ​amplifying​​the​​total​​uncertainty.​​This​​interaction​​is​​particularly​
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​pronounced​ ​when​ ​testing​ ​gas​ ​exchange​ ​schemes​ ​with​ ​wind​ ​products​ ​that​ ​have​ ​faster​ ​wind​

​speeds, as gas transfer velocity scales nonlinearly with wind speed.​

​The​ ​annual​ ​mean​ ​DO​ ​adjustment​​alters​​the​​seasonal​​flux​​cycle​​through​​the​​interaction​​between​

​the​​temporally​​constant​​DO​​adjustments​​and​​seasonally​​varying​​wind​​speeds​​in​​the​​gas​​exchange​

​parameterization​ ​(Fig.​​B3).​​In​​the​​northern​​high-latitude​​oceans,​​where​​the​​DO​​reductions​​from​

​the​ ​adjustment​ ​are​ ​largest​ ​and​ ​winter​ ​wind​ ​speeds​ ​are​ ​much​ ​stronger​ ​than​ ​in​ ​summer,​ ​the​

​adjustment​ ​significantly​ ​increases​ ​the​ ​seasonal​ ​cycle​ ​amplitude​ ​(SCA)​ ​by​ ​up​ ​to​ ​10%.​ ​This​

​increase​ ​results​​from​​enhanced​​wintertime​​O₂​​uptake​​that​​exceeds​​the​​reduction​​in​​summertime​

​outgassing​​following​​the​​adjustment.​​The​​North​​Atlantic​​subpolar​​region​​experiences​​the​​largest​

​SCA​​change,​​with​​an​​increase​​of​​5.7​​mol​​m​​-2​ ​yr​​-1​​.​​In​​contrast,​​SCA​​remains​​largely​​unchanged​​in​

​the​ ​southern​ ​high​ ​latitudes​ ​due​ ​to​ ​the​ ​smaller​ ​DO​ ​adjustments​ ​in​ ​these​ ​regions.​ ​Across​ ​most​

​regions,​ ​the​ ​annual​ ​mean​​DO​​adjustment​​also​​reduces​​the​​ensemble​​standard​​deviation​​(1-σ)​​of​

​SCA.​

​We​ ​show​ ​that​ ​the​ ​total​ ​uncertainty​ ​in​ ​climatological​ ​monthly​ ​flux​ ​is​ ​dominated​ ​by​ ​either​ ​DO​

​uncertainty​​or​​gas​​exchange​​uncertainty​​in​​most​​regions​​and​​months​​(Fig.​​5).​​In​​the​​high-latitude​

​regions​ ​of​ ​both​ ​hemispheres​ ​(Fig.​ ​5A,​ ​B,​ ​G,​​H,​​P,​​Q,​​R),​​total​​uncertainty​​is​​dominated​​by​​gas​

​exchange​​uncertainty​​throughout​​most​​of​​the​​year,​​except​​when​​net​​fluxes​​approach​​zero,​​during​

​which​ ​DO​ ​uncertainty​​dominates.​​In​​mid-latitude​​subtropical​​regions​​of​​both​​hemispheres​​(Fig.​

​5C,​ ​F,​ ​I,​ ​K,​ ​O),​ ​gas​ ​exchange​ ​uncertainty​ ​contributes​ ​more​ ​to​ ​total​ ​flux​ ​uncertainty​ ​than​ ​DO​

​uncertainty​ ​during​ ​summer​ ​months.​ ​In​ ​the​ ​low-latitude​ ​regions​ ​(Fig.​ ​5D,​ ​E,​ ​J,​ ​M,​ ​N),​ ​DO​

​uncertainty​ ​generally​ ​dominates,​ ​especially​ ​where​ ​lower​ ​wind​ ​speeds​ ​yield​ ​consistent​ ​flux​

​magnitudes​ ​across​ ​different​​gas​​exchange​​schemes.​​Over​​the​​ice-covered​​regions,​​wind​​product​

​uncertainty​​also​​contributes​​substantially​​to​​total​​variance.​​At​​the​​hemispheric​​scale​​(Fig.​​5S,​​T),​

​fractional​​variance​​contributions​​resemble​​those​​at​​high​​latitudes,​​with​​gas​​exchange​​uncertainty​

​dominating because high-latitude seasonal flux cycles drive hemispheric patterns.​
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​Fig.​​1:​​Seasonal​​climatology​​of​​ensemble​​mean​​air-sea​​O​​2​ ​flux​​(left​​panels)​​and​​flux​​uncertainty​
​(right​​panels)​​averaged​​over​​2004-2024.​​Seasons​​shown​​are​​(A,​​B)​​December-January-February​
​(DJF),​ ​(C,​ ​D)​ ​March-April-May​ ​(MAM),​ ​(E,​ ​F)​ ​June-July-August​ ​(JJA),​ ​and​ ​(G,​ ​H)​
​September-October-November​ ​(SON).​ ​In​ ​the​ ​left​ ​column,​ ​positive​ ​values​ ​(red)​ ​indicate​ ​net​
​ocean​​O​​2​ ​outgassing​​from​​the​​ocean.​​Uncertainty​​(right​​panels)​​represents​​one​​standard​​deviation​
​(1-σ)​ ​of​ ​the​ ​seasonal​​flux​​climatology​​among​​the​​9000​​ensemble​​members.​​Gray​​areas​​indicate​
​regions​​where​​data​​are​​unavailable​​in​​the​​GOBAI-O​​2​ ​v2.3​​product.​​Monthly​​zonal​​average​​fluxes​
​are shown in Fig. S2.​
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​Fig.​​2:​​Monthly​​climatology​​(2004-2024​​average)​​of​​air-sea​​O​​2​ ​flux​​across​​18​​RECCAP2​​regions​
​and​ ​for​ ​Northern​ ​and​ ​Southern​ ​Hemisphere​ ​averages.​ ​The​ ​region​ ​map​ ​is​ ​shown​ ​in​ ​the​ ​center,​
​with​ ​white​ ​areas​ ​indicating​ ​regions​ ​where​ ​DO​ ​data​ ​are​ ​unavailable​ ​in​ ​the​ ​GOBAI-O​​2​ ​v2.3​
​product.​​Panels​​are​​organized​​by​​ocean​​basins​​with​​Pacific​​regions​​from​​A​​to​​F,​​Atlantic​​regions​
​from​​G​​to​​K,​​Indian​​regions​​from​​L​​to​​O,​​Southern​​Ocean​​regions​​from​​P​​to​​R,​​and​​hemispheric​
​integrals​​in​​S​​and​​T.​​Panel​​titles​​and​​colors​​correspond​​to​​the​​region​​names​​and​​colors​​shown​​in​
​the​ ​center​ ​map.​ ​Y-axis​ ​ranges​ ​vary​ ​across​ ​panels​ ​to​ ​optimize​ ​visualization​ ​of​ ​seasonal​ ​flux​
​amplitude​ ​for​ ​each​ ​region.​ ​Error​ ​bars​ ​represent​ ​flux​ ​uncertainty​ ​estimated​ ​from​ ​the​ ​ensemble​
​standard​ ​deviation.​ ​Abbreviations​ ​include​ ​NP​ ​(North​ ​Pacific),​ ​SP​ ​(South​ ​Pacific),​ ​NA​ ​(North​
​Atlantic),​​SO​​(Southern​​Ocean),​​PEQU​​(Equatorial​​Pacific),​​AEQU​​(Equatorial​​Atlantic),​​SPSS​
​(subpolar​ ​seasonally-stratified),​ ​STSS​ ​(subtropical​ ​seasonally-stratified),​ ​STPS​ ​(subtropical​
​permanently-stratified),​​and​​ICE​​(seasonally​​ice-covered​​zone).​​We​​show​​interannual​​variability​
​of​​flux​​SCA​​in​​each​​region​​in​​Fig.​​S3.​​We​​compare​​the​​flux​​seasonal​​cycle​​with​​results​​from​​two​
​earlier​ ​versions​ ​of​ ​GOBAI-O​​2​ ​in​ ​Fig.​ ​S4,​ ​which​ ​shows​ ​generally​ ​good​ ​agreement​ ​but​ ​notable​
​differences in the Indian Ocean and subtropical oceans.​
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​Fig.​​3:​​Air-sea​​O​​2​ ​flux​​seasonal​​cycle​​amplitudes​​(SCA,​​A-C)​​and​​annual​​means​​(D-F).​​Gridded​
​SCA​ ​(A)​ ​is​ ​calculated​ ​by​ ​first​ ​fitting​​a​​2-harmonic​​function​​to​​the​​climatological​​monthly​​data​
​(2004-2024),​​then​​calculating​​the​​difference​​between​​the​​seasonal​​maximum​​and​​minimum.​​The​
​corresponding​​uncertainty​​(B)​​is​​calculated​​by​​applying​​this​​procedure​​to​​each​​ensemble​​member​
​and​ ​then​ ​calculating​ ​the​ ​standard​ ​deviation.​ ​Gridded​ ​annual​ ​mean​ ​flux​ ​(D)​​represents​​the​​time​
​average​ ​of​ ​all​ ​monthly​ ​fluxes,​ ​with​ ​uncertainty​ ​(E)​ ​calculated​ ​as​ ​the​ ​ensemble​ ​standard​
​deviation.​​Zonal​​average​​SCA​​(C)​​and​​annual​​means​​(F)​​are​​calculated​​by​​first​​computing​​zonal​
​and​ ​annual​ ​averages​ ​of​ ​monthly​ ​fluxes​ ​for​ ​each​​ensemble​​member,​​then​​fitting​​the​​2-harmonic​
​function​​(for​​SCA)​​or​​time-averaging​​(for​​annual​​mean).​​Gray​​shading​​in​​(C)​​and​​(F)​​represents​
​uncertainty as the ensemble standard deviation across members.​
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​3.1.2 Flux annual mean​

​The​ ​zonal​ ​mean​ ​annual​ ​flux​ ​pattern​ ​suggests​ ​that​ ​the​ ​ocean​ ​is​ ​a​ ​strong​ ​annual​​O​​2​ ​sink​​at​​high​

​latitudes,​ ​a​ ​weak​ ​sink​ ​at​ ​the​ ​equator,​ ​and​ ​a​ ​weak​ ​source​ ​in​ ​the​ ​subtropics​ ​(Fig.​ ​3F).​ ​At​ ​the​

​hemispheric​ ​scale,​ ​the​ ​Northern​ ​Hemisphere​ ​acts​ ​as​ ​a​ ​net​ ​annual​ ​O​​2​ ​source​ ​to​ ​the​​atmosphere​

​(0.5​​±0.10​​mol​​m​​-2​ ​yr​​-1​​)​​while​​the​​Southern​​Hemisphere​​is​​a​​net​​sink​​(-0.1​​±0.07​​mol​​m​​-2​ ​yr​​-1​​),​​as​

​shown​ ​in​ ​Figs.​ ​4S​ ​and​ ​T,​ ​and​ ​Table​ ​1.​ ​Over​ ​high-latitude​ ​regions,​ ​the​ ​Southern​ ​Ocean​

​ice-covered​ ​zone​ ​is​ ​the​ ​strongest​ ​regional​ ​O​​2​ ​sink​ ​per​ ​area​​(-16.3​​±​​1.78​​mol​​m​​-2​ ​yr​​-1​​,​​Fig.​​4R),​

​followed​ ​by​ ​the​ ​subpolar​ ​Southern​ ​Ocean​ ​(-15.7​​±​ ​1.77​ ​mol​​m​​-2​ ​yr​​-1​​,​​Fig.​​4Q)​​and​​the​​subpolar​

​North​​Atlantic​​(-14.6​​±1.74​​mol​​m​​-2​ ​yr​​-1​​,​​Fig.​​4G).​​These​​regions​​experience​​vigorous​​deep-water​

​formation​ ​driven​ ​by​ ​winter​ ​cooling,​ ​which​ ​increases​ ​O​​2​ ​solubility​ ​in​ ​cold​ ​surface​ ​waters​ ​and​

​drives​​convective​​mixing​​that​​efficiently​​transfers​​O​​2​ ​to​​depth​​(Koelling​​et​​al.,​​2022)​​.​​In​​addition,​

​the​ ​upwelling​ ​of​ ​biologically​ ​O​​2​​-depleted​ ​deep​ ​waters​ ​in​ ​these​ ​regions​ ​creates​ ​surface​ ​DO​

​undersaturation​ ​that​ ​enhances​ ​atmospheric​ ​O​​2​ ​uptake​ ​(Boyer​ ​et​ ​al.,​ ​1999)​​.​ ​The​​subpolar​​North​

​Pacific​ ​exhibits​ ​a​ ​weaker​ ​sink​ ​(-6.0​​±0.90​ ​mol​ ​m​​-2​ ​yr​​-1​​,​ ​Fig.​​4A)​​than​​the​​North​​Atlantic,​​likely​

​due to less vigorous deep convection and different circulation patterns.​

​Across​ ​equatorial​ ​regions,​ ​the​ ​Eastern​ ​Equatorial​ ​Pacific​ ​(-3.4​​±0.36​ ​mol​ ​m​​-2​ ​yr​​-1​​,​ ​Fig.​​4E)​​is​​a​

​weak​​O​​2​ ​sink,​​while​​the​​other​​equatorial​​regions​​are​​O​​2​ ​sources,​​including​​the​​Western​​Equatorial​

​Pacific​​(1.7​​±0.29​​mol​​m​​-2​ ​yr​​-1​​,​​Fig.​​4D),​​the​​Equatorial​​Atlantic​​(0.3​​±0.18​​mol​​m​​-2​ ​yr​​-1​​,​​Fig.​​4J),​

​the​ ​Bay​ ​of​ ​Bengal​ ​(7.8​​±0.69​ ​mol​ ​m​​-2​ ​yr​​-1​​,​​Fig.​​4M)​​and​​the​​Equatorial​​Indian​​Ocean​​(0.3​​±0.36​

​mol​ ​m​​-2​ ​yr​​-1​​,​ ​Fig.​ ​4N).​ ​The​ ​Eastern​ ​Equatorial​ ​Pacific​ ​experiences​ ​strong​ ​upwelling​ ​of​

​O​​2​​-depleted​ ​deep​ ​water​ ​from​ ​the​ ​oxygen​ ​minimum​ ​zone​ ​below,​ ​creating​ ​intense​ ​surface​ ​DO​

​undersaturation​ ​that​ ​drives​ ​atmospheric​ ​O​​2​ ​uptake.​ ​The​ ​Equatorial​ ​Atlantic​ ​also​ ​experiences​

​upwelling​​of​​O​​2​​-depleted​​water,​​but​​this​​uptake​​is​​offset​​by​​stronger​​biological​​productivity​​that​

​produces​ ​O​​2​​,​ ​resulting​ ​in​ ​weak​ ​outgassing​ ​(Brandt​ ​et​ ​al.,​ ​2023)​​.​ ​In​ ​contrast,​ ​the​ ​Western​

​Equatorial​ ​Pacific​ ​is​ ​characterized​ ​by​ ​strong​ ​stratification​ ​that​ ​limits​ ​upwelling​ ​and​ ​receives​

​O​​2​​-rich​ ​water​ ​from​ ​the​ ​subtropical​ ​gyre,​ ​leading​ ​to​ ​surface​ ​DO​ ​supersaturation​ ​and​ ​net​ ​O​​2​

​outgassing​​(Busecke et al., 2022; Fine et al., 1994)​​.​

​The​​annual​​mean​​flux​​correction​​through​​DO​​adjustment​​(Appendix​​B)​​reduces​​O​​2​ ​outgassing​​in​

​both​​hemispheres.​​Without​​adjustment,​​the​​raw​​flux​​calculation​​yields​​a​​global​​net​​O​​2​ ​outgassing​
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​of​​1029​​Tmol​​yr​​-1​​,​​significantly​​larger​​than​​our​​observational​​constraint​​of​​an​​average​​of​​61​​Tmol​

​yr​​-1​​.​ ​This​ ​correction​ ​also​ ​reduces​ ​hemispheric​ ​flux​ ​asymmetry​ ​from​ ​4.1​ ​to​ ​0.6​ ​mol​ ​m​​-2​ ​yr​​-1​ ​by​

​scaling​ ​down​ ​Northern​ ​Hemisphere​ ​annual​ ​flux​ ​from​ ​5.7​ ​to​ ​0.5​ ​mol​ ​m​​-2​ ​yr​​-1​ ​and​ ​Southern​

​Hemisphere​ ​annual​ ​flux​ ​from​ ​1.6​ ​to​ ​-0.1​ ​mol​ ​m​​-2​ ​yr​​-1​ ​(Fig.​ ​4S​ ​and​ ​T,​ ​and​ ​Table​ ​1).​ ​At​ ​the​

​regional​ ​scale​ ​(Fig.​ ​4),​ ​the​ ​correction​ ​reduces​ ​O​​2​ ​outgassing​ ​or​ ​increases​ ​O​​2​ ​uptake​ ​in​ ​all​

​RECCAP2​ ​regions​ ​except​ ​the​ ​Southern​ ​Ocean​ ​subpolar​ ​(Fig.​ ​4Q)​ ​and​ ​ice-covered​ ​zone​ ​(Fig.​

​4R),​ ​where​ ​uptake​ ​decreases​ ​slightly​ ​from​ ​-15.7​ ​to​ ​-15.1​ ​and​ ​from​​-16.3​​to​​-15.9​​mol​​m​​-1​ ​yr​​-1​​,​

​respectively.​

​Analysis​ ​of​ ​fractional​ ​variance​ ​contributions​ ​reveals​ ​distinct​ ​patterns​ ​in​ ​annual​ ​mean​ ​flux​

​uncertainty​ ​across​ ​spatial​ ​scales​ ​(Fig.​ ​5).​ ​At​ ​the​​hemispheric​​scale,​​uncertainty​​in​​annual​​mean​

​flux​ ​for​ ​both​ ​the​ ​Northern​ ​and​ ​Southern​ ​Hemispheres​ ​is​​dominated​​by​​interactions​​among​​DO​

​uncertainty,​ ​gas​ ​exchange​​parameterization,​​and​​wind​​products​​(Fig.​​5S​​and​​T).​​At​​the​​regional​

​scale,​ ​gas​ ​exchange​ ​parameterization​ ​dominates​ ​uncertainty​ ​in​ ​the​ ​subpolar​ ​regions,​ ​the​

​subtropical​ ​regions,​ ​the​ ​Bay​ ​of​ ​Bengal,​ ​and​ ​the​ ​Equatorial​​Pacific.​​In​​contrast,​​DO​​uncertainty​

​dominates​​flux​​uncertainty​​in​​the​​Equatorial​​Atlantic,​​and​​the​​Arabian​​Sea.​​The​​Equatorial​​Indian​

​Ocean​ ​exhibits​ ​a​ ​unique​ ​pattern​ ​where​ ​wind​ ​uncertainty​​dominates,​​likely​​reflecting​​the​​strong​

​influence of monsoon-driven wind variability during the northern summer.​
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​Fig.​​4:​ ​Air-sea​​O​​2​ ​flux​​annual​​mean​​values​​for​​18​​RECCAP2​​regions​​and​​Northern​​and​​Southern​
​Hemisphere​​averages.​​For​​each​​region,​​adjusted​​annual​​means​​(left​​in​​each​​panel)​​are​​compared​
​with​​raw​​flux​​estimates​​(right​​in​​each​​panel).​​Red​​bars​​have​​positive​​values​​that​​indicate​​net​​O​​2​
​outgassing​ ​from​ ​the​ ​ocean,​ ​while​ ​blue​ ​bars​ ​have​ ​negative​ ​values​ ​that​ ​indicate​ ​net​ ​O​​2​ ​uptake.​
​Error​ ​bars​ ​represent​ ​the​ ​standard​ ​deviation​ ​across​​the​​flux​​ensemble.​​Ensemble​​average​​annual​
​mean​ ​flux​ ​values​ ​are​ ​labeled​ ​for​ ​each​ ​estimate​ ​and​ ​are​ ​also​ ​reported​ ​in​ ​Table​ ​1​ ​with​ ​1-σ​
​uncertainties.​ ​Y-axis​ ​ranges​ ​for​ ​the​ ​four​ ​high-latitude​ ​regions​ ​(Panels​ ​A,​ ​G,​ ​Q,​ ​and​ ​R)​ ​and​
​hemispheric​​averages​​(Panels​​S​​and​​T)​​differ​​from​​those​​in​​other​​panels​​to​​optimize​​visualization​
​of​ ​their​ ​distinct​ ​flux​ ​magnitudes.​ ​We​ ​compare​ ​the​ ​annual​​mean​​flux​​resolved​​using​​two​​earlier​
​versions of GOBAI-O​​2​ ​in Fig. S5.​
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​Fig.​ ​5:​ ​Fractional​ ​variance​ ​contributions​ ​to​ ​uncertainty​ ​in​ ​climatological​ ​monthly​ ​and​ ​annual​
​mean​​O​​2​ ​flux​​across​​global​​ocean​​regions.​​Stacked​​bar​​charts​​show​​the​​relative​​contributions​​of​
​different​ ​uncertainty​ ​sources​ ​for​ ​each​ ​month​​(2004-2024​​climatology)​​and​​for​​the​​annual​​mean​
​(rightmost​ ​bar,​ ​2004-2024​ ​average).​ ​Uncertainty​ ​sources​ ​include​ ​variability​ ​in​ ​DO​ ​fields​ ​from​
​1000​​ensemble​​members​​with​​annual​​mean​​adjustment​​(blue),​​three​​wind​​products​​(green),​​three​
​gas​ ​exchange​ ​parameterizations​ ​schemes​ ​(pink),​ ​and​ ​the​ ​combined​ ​interactions​ ​between​ ​these​
​three​​factors​​(brown).​​Variance​​fractional​​contributions​​are​​estimated​​using​​a​​three-way​​factorial​
​mixed-effects analysis of variance (ANOVA) with the REML package in R​​(Bates et al., 2015)​​.​
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​Table​ ​1:​ ​SCA​ ​and​ ​annual​ ​mean​ ​values​ ​of​ ​air-sea​ ​O​​2​ ​flux​ ​for​ ​18​ ​RECCAP2​ ​regions​ ​and​ ​the​
​Northern​​and​​Southern​​Hemispheres.​​SCA​​is​​calculated​​by​​first​​fitting​​a​​2-harmonic​​function​​to​
​the​​climatological​​monthly​​data​​(2004-2024​​average),​​then​​calculating​​the​​difference​​between​​the​
​seasonal maximum and minimum.​​Region acronyms are defined in Fig. 2.​

​Regions​
​SCA​ ​Annual Mean​

​mol m​​-2​ ​yr​​-1​ ​Tmol yr​​-1​ ​mol m​​-2​ ​yr​​-1​ ​Tmol yr​​-1​

​(A) NP-SPSS​ ​56.2 ± 5.35​ ​646 ± 61.4​ ​-6.0 ± 0.90​ ​-68 ± 10.3​

​(B) NP-STSS​ ​34.7 ± 3.26​ ​247 ± 23.2​ ​-1.3 ± 0.33​ ​-9 ± 2.3​

​(C) NP-STPS​ ​8.4 ± 0.79​ ​351 ± 32.7​ ​2.6 ± 0.29​ ​107 ± 12.2​

​(D) PEQU-W​ ​1.9 ± 0.58​ ​21 ± 6.4​ ​1.7 ± 0.29​ ​19 ± 3.2​

​(E) PEQU-E​ ​10.0 ± 0.86​ ​152 ± 13.0​ ​-3.4 ± 0.36​ ​-52 ± 5.5​

​(F) SP-STPS​ ​9.1 ± 0.70​ ​491 ± 37.8​ ​6.5 ± 0.55​ ​351 ± 29.7​

​(G) NA-SPSS​ ​70.0 ± 7.44​ ​486 ± 51.6​ ​-14.6 ± 1.74​ ​-101 ± 12.1​

​(H) NA-STSS​ ​48.3 ± 4.02​ ​286 ± 23.8​ ​-3.3 ± 0.49​ ​-19 ± 2.9​

​(I) NA-STPS​ ​11.2 ± 0.97​ ​244 ± 21.2​ ​5.3 ± 0.61​ ​115 ± 13.3​

​(J) AEQU​ ​14.2 ± 1.60​ ​118 ± 13.3​ ​0.3 ± 0.18​ ​2 ± 1.5​

​(K) SA-STPS​ ​12.8 ± 0.92​ ​244 ± 17.6​ ​4.0 ± 0.46​ ​76 ± 8.8​

​(L) Arabian sea​ ​29.4 ± 2.80​ ​199 ± 18.9​ ​0.7 ± 0.37​ ​5 ± 2.5​

​(M) Bay of Bengal​ ​6.1 ± 1.52​ ​21 ± 5.2​ ​7.8 ± 0.69​ ​27 ± 2.4​

​(N) Eq. Indian​ ​14.7 ± 1.34​ ​227 ± 20.8​ ​0.3 ± 0.36​ ​5 ± 5.6​

​(O) S. Indian​ ​6.0 ± 0.67​ ​101 ± 11.3​ ​8.0 ± 0.89​ ​134 ± 15.0​

​(P) SO-STSS​ ​35.2 ± 3.00​ ​984 ± 83.8​ ​3.0 ± 0.64​ ​85 ± 17.9​

​(Q) SO-SPSS​ ​38.2 ± 4.56​ ​1156 ± 138.1​ ​-15.7 ± 1.77​ ​-476 ± 53.6​

​(R) SO-ICE​ ​26.6 ± 3.44​ ​234 ± 30.4​ ​-16.3 ± 1.78​ ​-144 ± 15.6​

​(S) N. Hem.​ ​17.7 ± 1.48​ ​2257 ± 187.2​ ​0.5±0.10​ ​67 ± 12.6​

​(T) S. Hem.​ ​17.9 ± 1.48​ ​3385 ± 280.2​ ​-0.1±0.07​ ​-6 ± 13.3​
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​3.2 Flux evaluation​

​3.2.1  Flux seasonal cycle​

​We​ ​compare​ ​2-harmonic​​fits​​of​​latitudinally-binned​​airborne​​tropospheric-average​ ​from​

​TM3​ ​forward​ ​transport​ ​simulation​ ​of​​ensemble​​mean​​fluxes​​with​​airborne​ ​observations​

​fitted​​in​​the​​same​​way​​(Fig.​​6).​​The​​simulations​​and​​observations​​show​​good​​overall​​agreement.​

​In​ ​the​ ​northern​ ​mid-to-high​ ​latitudes​ ​(60°–80°N),​ ​our​ ​simulations​ ​successfully​ ​capture​ ​the​

​prolonged​​outgassing​​period​​and​​the​​double-peak​​structure​​observed​​in​​atmospheric​​data​​(Fig.​​6),​

​and​ ​agree​ ​with​ ​the​ ​observed​ ​SCA​ ​(Table​ ​2).​ ​In​ ​the​ ​southern​ ​mid-to-high​​latitudes​​(40°–80°S),​

​our​ ​simulations​ ​underestimate​ ​the​ ​SCA​ ​by​​10%,​​primarily​​due​​to​​a​​weak​​summertime​​peak.​​In​

​the​ ​low​ ​latitudes​ ​(20°S–20°N),​ ​our​ ​simulations​ ​generally​ ​overestimate​ ​SCA​ ​by​ ​up​ ​to​ ​30%,​

​though​ ​this​ ​represents​​a​​small​​absolute​​bias​​given​​the​​weak​​seasonal​​cycles​​in​​these​​regions.​​In​

​the​​high​​latitudes​​of​​both​​hemispheres,​​our​​simulations​​lag​​the​​observed​​seasonal​​peaks​​by​​about​

​a​​month,​​suggesting​​that​​peak​​outgassing​​occurs​​too​​late​​in​​the​​flux​​product.​​Simulated​​seasonal​

​trough​ ​timing​ ​generally​ ​lags​ ​observations​ ​by​ ​one​ ​to​ ​three​ ​weeks,​ ​except​ ​in​ ​the​ ​mid-latitude​

​Southern​ ​Hemisphere​ ​(40°–20°S),​ ​where​​the​​phase​​lag​​is​​much​​larger,​​reaching​​six​​weeks.​​The​

​mechanisms​ ​driving​ ​these​ ​phase​ ​lags​ ​remain​ ​unclear​ ​and​ ​require​ ​further​ ​investigation.​ ​RMSE​

​(Table​ ​2)​ ​is​ ​higher​ ​in​ ​the​ ​Southern​ ​Hemisphere​ ​than​ ​in​ ​the​ ​Northern​ ​Hemisphere.​ ​The​ ​largest​

​RMSE​ ​occurs​ ​at​ ​high​ ​southern​ ​latitudes​ ​(9​ ​per​ ​meg),​ ​which​ ​remains​ ​much​ ​smaller​ ​than​ ​the​

​seasonal amplitude (73 per meg).​

​Our​ ​hemispheric-scale​ ​seasonal​ ​flux​ ​cycles​ ​improve​ ​on​ ​the​ ​widely​ ​used​ ​GK01​ ​flux​ ​product​

​(Garcia​ ​and​ ​Keeling,​ ​2001)​​,​ ​as​ ​shown​ ​in​ ​Fig.​ ​S6.​ ​GK01​ ​significantly​ ​underestimates​ ​the​ ​flux​

​seasonal​ ​cycle​ ​at​ ​high​ ​latitudes​ ​in​​both​​hemispheres​​and​​fails​​to​​resolve​​the​​prolonged​​summer​

​outgassing​​in​​the​​northern​​mid​​to​​high​​latitudes​​with​​distinct​​double-peak​​structure​​from​​40°–60°​

​N.​​These​​complex​​seasonal​​characteristics​​in​​the​​Northern​​Hemisphere​​have​​been​​independently​

​confirmed​ ​by​ ​hemispheric​ ​flux​ ​estimates​ ​derived​ ​from​ ​atmospheric​ ​measurements​ ​at​ ​both​

​surface​ ​stations​ ​and​ ​from​ ​airborne​ ​surveys​ ​(Jin​ ​et​ ​al.,​ ​2023;​ ​Rödenbeck​ ​et​ ​al.,​ ​2008)​​.​ ​These​

​patterns​​are​​also​​seen​​in​​one​​configuration​​of​​the​​Community​​Earth​​System​​Model​​(Yeager​​et​​al.,​

​2022)​​.​​While​​the​​simulated​​seasonal​​cycle​​in​​our​​flux​​product​​generally​​lags​​in​​phase​​relative​​to​

​the​ ​airborne​ ​observations,​ ​the​​simulated​​seasonal​​cycle​​in​​GK01​​leads​​the​​observations​​by​​1-2​
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​weeks​​at​​mid​​to​​high​​latitudes​​in​​the​​Southern​​Hemisphere.​​This​​phase​​difference​​likely​​reflects​

​the methodological assumption in GK01 that ocean heat flux and O​​2​ ​flux are in phase.​

​Forward​​transport​​of​​the​​ensemble​​mean​​flux​​resolved​​using​​each​​gas​​exchange​​parameterization​

​and​ ​CCMP​ ​winds​ ​shows​ ​that​ ​the​ ​L13​ ​scheme​ ​produces​ ​the​ ​smallest​ ​simulated​ ​SCA,​

​while​ ​the​ ​W97​ ​scheme​ ​produces​ ​the​ ​largest​ ​SCA​​(Fig.​​S7),​​consistent​​with​​the​​order​​of​

​flux​ ​SCA​ ​resolved​ ​using​ ​these​ ​three​ ​schemes​ ​(Fig.​ ​A1).​ ​A​ ​similar​ ​test​ ​using​​each​​of​​the​​three​

​wind​​products​​with​​the​​L13​​scheme​​yields​​consistent​​SCA​​(Fig.​​S8).​​Using​​these​​airborne​​data​​to​

​evaluate​ ​the​ ​three​ ​gas​ ​exchange​ ​parameterizations​ ​and​ ​three​ ​wind​ ​products​ ​is​ ​complicated​ ​by​

​potential biases in DO fields.​

​It​​is​​important​​to​​note​​that,​​while​​we​​use​​only​​one​​transport​​model,​​our​​results​​are​​not​​biased​​by​

​potential​​uncertainties​​in​​forward​​transport​​simulations.​​Using​​tropospheric-average​​atmospheric​

​concentrations​ ​as​ ​the​ ​evaluation​ ​metric​ ​effectively​ ​eliminates​ ​potential​ ​biases​ ​from​ ​transport​

​model​​representations​​of​​vertical​​mixing.​​An​​earlier​​study​​of​ ​Jin​​et​​al.​​(2025)​​demonstrated​​that​

​different​​transport​​models​​are​​highly​​consistent​​in​​simulating​​tropospheric-average​​airborne​​APO​

​but​ ​show​ ​significant​ ​spread​ ​at​ ​surface​ ​stations.​ ​Nevertheless,​ ​we​ ​show​ ​that​ ​at​ ​most​ ​surface​

​stations​ ​(Fig.​ ​S9),​ ​model​ ​simulations​ ​still​ ​agree​ ​with​ ​observations​ ​in​ ​seasonal​ ​amplitude​ ​and​

​phase,​ ​though​ ​consistent​ ​phase​ ​lags​ ​are​ ​evident,​ ​similar​ ​to​ ​those​ ​observed​ ​in​​the​​airborne​​data​

​comparison​ ​(Fig.​ ​6).​ ​The​ ​largest​ ​biases​ ​occur​ ​at​ ​LJO​ ​and​ ​CBA​ ​(Fig.​ ​S9),​ ​both​ ​eastern​​Pacific​

​coastal​​sites,​​likely​​due​​to​​vertical​​mixing​​and​​coastal​​wind​​biases​​in​​the​​TM3​​model,​​as​​reported​

​by an earlier study​​(Jin et al., 2025)​​.​
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​Fig.​ ​6:​ ​Comparison​ ​of​ ​tropospheric-average​ ​(1000​ ​to​ ​400​ ​mbar)​ ​seasonal​ ​atmospheric​
​between​​observations​​and​​simulations​​for​​eight​​latitude​​bands​​from​​80°N​​to​​80°S.​​Observations​
​(black)​ ​are​ ​derived​ ​from​ ​airborne​ ​APO​ ​data​ ​corrected​ ​for​ ​non-oceanic​ ​O​​2​ ​flux​ ​components​
​(Appendix​ ​C).​ ​Model​ ​simulations​ ​are​ ​based​ ​on​ ​TM3​ ​forward​ ​transport​ ​of​ ​our​ ​flux​ ​estimates​
​(GOBAI-O​​2​​-Flux).​ ​The​ ​transport​ ​model​ ​simulations​ ​provide​ ​co-samplings​ ​at​ ​each​ ​observation​
​time​ ​and​ ​location,​ ​ensuring​ ​direct​ ​comparison​ ​without​ ​spatial​ ​and​ ​temporal​ ​sampling​ ​bias.​
​Airborne​ ​observations​ ​and​ ​model​ ​simulations​ ​are​ ​first​ ​detrended​ ​using​ ​observed​ ​or​ ​simulated​
​surface​ ​station​ ​trends.​ ​These​ ​surface​ ​station​ ​trends​ ​are​ ​determined​ ​by​ ​linear​ ​fits​ ​to​
​multiple-station​ ​weighted​ ​averages​ ​following​ ​Hamme​ ​and​ ​Keeling​ ​(2008)​​.​ ​The​ ​detrended​
​airborne​​observations​​and​​model​​simulations​​between​​1000–400​​mbar​​are​​then​​binned​​by​​latitude​
​band.​​Stratospheric​​data​​are​​filtered​​out​​based​​on​​airborne​​measurements​​of​​water​​vapor,​​O​​3​​,​​and​
​N​​2​​O​ ​(Section​ ​2.7).​ ​For​ ​each​ ​latitude​ ​band,​ ​the​ ​seasonal​ ​cycle​ ​is​ ​calculated​ ​by​ ​applying​ ​a​
​2-harmonic​ ​fit​ ​to​ ​the​ ​detrended​ ​data​ ​after​ ​removing​ ​the​ ​annual​ ​mean.​ ​Gray​​shading​​represents​
​uncertainty​​in​​the​​observed​​seasonal​​cycle,​​combining​​measurement​​uncertainty​​and​​uncertainty​
​in​ ​atmospheric​ ​non-oceanic​ ​O​​2​ ​component​ ​corrections​ ​estimated​ ​from​ ​an​ ​ensemble​ ​of​ ​flux​
​products​ ​and​ ​transport​ ​models​ ​(Appendix​ ​C).​ ​For​ ​each​ ​latitude​ ​band,​ ​Table​ ​2​ ​reports​ ​the​ ​root​
​mean​ ​square​ ​error​ ​(RMSE),​ ​phase​ ​lag​ ​based​ ​on​ ​the​ ​seasonal​ ​peak​ ​and​ ​trough,​ ​and​ ​SCA​ ​ratio​
​(simulated/observed).​ ​A​ ​comparison​ ​with​ ​TM3​ ​forward​ ​transport​ ​of​ ​the​ ​GK01​ ​(Garcia​ ​and​
​Keeling, 2001)​​air-sea O​​2​ ​flux product is shown in Fig. S6.​
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​Table​​2:​​Performance​​metrics​​comparing​​simulated​​and​​observed​ ​seasonal​​cycles​​across​
​eight​ ​latitude​ ​bands.​ ​RMSE​ ​(per​ ​meg),​ ​phase​ ​lag​ ​(days),​ ​and​ ​SCA​ ​ratios​ ​are​ ​shown.​ ​Positive​
​phase​ ​lags​ ​indicate​ ​that​ ​the​ ​simulated​ ​seasonal​ ​cycle​ ​lags​ ​behind​ ​observations.​ ​SCA​ ​ratio​ ​is​
​calculated as simulated SCA divided by observed SCA.​

​Latitude band​ ​RMSE​
​(per meg)​

​SCA ratio​ ​Peak lag (days)​ ​Trough lag​
​(days)​

​80-60°N​ ​5.1​ ​1.0​ ​37​ ​11​

​60-40°N​ ​3.0​ ​1.0​ ​33​ ​7​

​40-20°N​ ​3.7​ ​1.3​ ​-3​ ​19​

​20-0°N​ ​1.8​ ​1.3​ ​17​ ​14​

​0-20°S​ ​2.2​ ​1.2​ ​6​ ​21​

​20-40°S​ ​4.3​ ​1.1​ ​7​ ​46​

​40-60°S​ ​7.5​ ​1.0​ ​34​ ​15​

​60-80°S​ ​9.0​ ​0.9​ ​22​ ​3​
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​3.2.2  Annual mean flux​

​We​ ​use​ ​long-term​ ​trends​ ​in​ ​at​ ​surface​ ​stations,​ ​isolated​ ​from​ ​APO​ ​measurements​ ​by​

​correcting​ ​other​ ​components​ ​(Eq.​ ​C1),​ ​to​ ​evaluate​ ​global​ ​annual​ ​mean​ ​air-sea​ ​O​​2​ ​fluxes.​ ​As​

​shown​ ​in​ ​Fig.​ ​7,​​the​​observed​​APO​​is​​decreasing​​at​​a​​rate​​of​​−11.6​​±​​0.44​​per​​meg​​year​​-1​​.​​This​

​decline​​is​​driven​​by​​multiple​​components,​​including​​air-sea​​CO​​2​ ​flux,​​air-sea​​N​​2​ ​flux,​​and​​fossil​

​fuel​​burning,​​all​​of​​which​​contribute​​negatively​​to​​the​​APO​​trend.​​The​​residual​ ​shows​​a​

​small​​but​​highly​​uncertain​​increase​​of​​1.4​​±​​1.12​​per​​meg​​year​​-1​​,​​suggesting​​a​​net​​global​​ocean​​O​​2​

​outgassing.​ ​The​ ​trend​ ​in​ ​annual​ ​mean​ ​(reported​ ​in​ ​Fig.​ ​7)​ ​thus​ ​serves​ ​as​ ​a​ ​metric​ ​for​

​evaluating​​global​​annual​​mean​​O​​2​ ​flux​​estimates.​​Our​​forward​​transport​​simulation,​​with​​annual​

​mean​ ​flux​ ​adjustments​ ​derived​ ​from​ ​ocean​​heat​​fluxes,​​produces​​a​​trend​​of​​1.5​​±​​0.80​​per​​meg​

​year​​-1​​,​ ​in​ ​agreement​ ​with​ ​the​ ​observation-based​ ​estimate.​ ​In​ ​contrast,​ ​the​ ​forward​ ​transport​

​simulation​ ​using​ ​raw​ ​fluxes​ ​yields​ ​a​ ​substantially​ ​larger​ ​trend​ ​of​ ​27.5​ ​±​ ​4.67​ ​per​ ​meg​ ​year​​-1​​,​

​significantly​ ​overestimating​ ​the​ ​observed​ ​trend​ ​and​ ​highlighting​ ​the​ ​importance​ ​of​ ​the​

​annual mean flux adjustment.​

​We​​use​​airborne​​observations​​of​​tropospheric-mean​​annual-mean​ ​for​​eight​​latitude​​bands​

​spanning​​80°S​​to​​80°N​​to​​evaluate​​the​​meridional​​gradient​​of​​annual​​mean​​O​​2​ ​fluxes​​(Fig.​​8).​​In​

​the​ ​Northern​​Hemisphere,​​the​​meridional​​gradient​​is​​larger​​in​​simulations​​(~-0.14​​per​​meg​​lat​​-1​​,​

​positive​ ​northward)​ ​than​ ​in​ ​observations​ ​(-0.07±0.01​ ​per​ ​meg​ ​lat​​-1​​).​ ​This​ ​overestimation​ ​is​

​largely​ ​due​ ​to​ ​the​ ​absence​ ​of​ ​an​ ​observed​ ​rebound​ ​at​ ​60°N–80°N​ ​in​ ​the​ ​simulations.​ ​In​ ​the​

​Southern​​Hemisphere,​​the​​simulated​​meridional​​gradient​​(0.20​​per​​meg​​lat​​-1​​)​​is​​much​​larger​​than​

​the​ ​observed​ ​gradient​ ​(0.04±0.02​ ​per​ ​meg​ ​lat​​-1​​).​ ​These​ ​biases​ ​in​ ​both​ ​hemispheres​ ​produce​ ​an​

​overly​ ​strong​ ​simulated​ ​“equatorial​ ​bulge”​ ​and​ ​annual​ ​mean​ ​values​ ​that​ ​are​ ​too​ ​low,​

​relative to the global mean, at high southern latitudes.​

​Biases​ ​in​ ​the​ ​annual​ ​mean​ ​meridional​ ​gradients​ ​indicate​ ​that​ ​regional​ ​annual​ ​mean​ ​flux​

​constraints​ ​from​ ​the​ ​ocean​ ​inversions​ ​(Resplandy​ ​et​ ​al.,​ ​2016)​ ​overestimate​ ​either​ ​or​ ​both​ ​O​​2​

​outgassing​ ​in​ ​the​ ​equatorial​ ​region​ ​and​ ​O​​2​ ​uptake​ ​at​ ​high​ ​southern​ ​latitudes.​ ​Nevertheless,​

​applying​ ​these​ ​constraints​ ​improves​ ​flux​ ​estimates​ ​by​ ​reducing​ ​the​ ​meridional​ ​flux​ ​gradient,​

​particularly​ ​in​ ​the​ ​Southern​ ​Hemisphere,​ ​from​ ​0.32​ ​to​ ​0.20​ ​per​ ​meg​ ​lat​​-1​ ​(not​ ​shown).​

​Specifically,​​the​​adjustment​​reduces​​equatorial​​outgassing​​by​​lowering​​the​​annual​​mean​​DO​​(Fig.​
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​B2).​ ​Earlier​ ​studies​ ​highlighted​ ​similar​ ​strong​ ​flux​ ​“tropical​ ​bulges”​ ​evident​ ​in​ ​other​ ​ocean​

​inversion​ ​products​ ​(Battle​ ​et​ ​al.,​ ​2006;​ ​Gruber​ ​et​ ​al.,​ ​2001)​​,​ ​and​ ​in​ ​prognostic​ ​ocean​

​biogeochemistry​​models​​(Stephens​​et​​al.,​​1998)​​.​​However,​​previous​​observational​​studies​​do​​not​

​support​ ​this​ ​bulge,​ ​or​ ​only​ ​show​ ​a​ ​small​ ​bulge​ ​(Pickers​ ​et​ ​al.,​ ​2017;​ ​Stephens​ ​et​ ​al.,​ ​1998;​

​Tohjima​ ​et​ ​al.,​ ​2012)​​.​ ​The​ ​airborne​ ​observations​ ​shown​ ​in​ ​Fig.​ ​8​ ​similarly​ ​preclude​ ​a​ ​large​

​equatorial​ ​bulge,​ ​showing​ ​only​ ​a​ ​small​ ​(~3​ ​per​ ​meg)​ ​enhancement​ ​from​ ​0°–20°S​ ​relative​ ​to​

​60°–80°S.​
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​Fig.​ ​7:​ ​Global​ ​station-average​ ​annual​ ​mean​ ​APO​ ​trend,​ ​components​ ​that​ ​contribute​ ​to​ ​APO​
​trend,​ ​the​ ​residual​ ​,​ ​and​ ​comparison​ ​to​ ​TM3​ ​+​ ​GOBAI-O​​2​​-Flux​ ​model​ ​simulations​ ​of​

​.​ ​Annual​ ​mean​ ​values​ ​of​ ​APO​ ​and​ ​components​ ​are​​calculated​​as​​a​​weighted​​average​​of​
​data​ ​from​ ​seven​ ​surface​ ​sampling​ ​sites​ ​across​ ​the​ ​Pacific​ ​basin​​within​​the​​Scripps​​O​​2​ ​program​
​(Keeling,​​2019)​​,​​with​​weights​​following​​Hamme​​and​​Keeling​​(2008)​​.​​Correction​​terms​​are​​each​
​flux​​component​​forward​​transported​​by​​four​​atmospheric​​transport​​models​​and​​sampled​​at​​station​
​locations​ ​and​ ​flask​ ​collection​ ​times,​ ​available​ ​from​ ​Jin​ ​et​ ​al.,​ ​(2025)​​,​ ​and​ ​further​ ​scaled​ ​to​
​represent​​its​​contributions​​to​​the​​APO​​trend,​​following​​Eq.​​C1.​​Trend​​is​​calculated​​as​​a​​linear​​fit​
​to​​data​​from​​2005​​to​​2020.​​Uncertainty​​in​​APO​​trend​​is​​calculated​​from​​the​​station​​δ(O​​2​​/N​​2​​)​​error​
​model​ ​(Appendix​ ​C).​ ​Uncertainty​ ​in​ ​three​ ​correction​ ​terms​ ​are​ ​based​ ​on​ ​the​ ​simulated​ ​trend​
​calculated​ ​using​ ​two​ ​different​ ​flux​ ​components​ ​and​ ​four​ ​transport​ ​models​ ​(8​ ​combinations).​
​Uncertainty​​in​​TM3​​+​​GOBAI-O​​2​​-Flux​​simulations​​are​​scaled​​by​​the​​uncertainty​​in​​annual​​mean​
​fluxes averaged over 2005 to 2020 divided by the ensemble mean annual flux.​
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​Fig.​ ​8:​ ​Comparison​ ​of​ ​the​ ​meridional​ ​gradient​ ​in​ ​airborne​ ​tropospheric-average​ ​annual​ ​mean​
​between​ ​observations​ ​(black)​ ​and​ ​TM3​ ​+​ ​GOBAI-O​​2​​-Flux​ ​simulations​​(blue)​​for​​eight​

​latitude​ ​bands​ ​spanning​ ​80°N​ ​to​ ​80°S​ ​at​ ​20°​ ​intervals.​ ​Data​ ​processing,​ ​including​ ​detrending,​
​binning,​ ​and​ ​filtering,​ ​follows​ ​the​ ​same​ ​procedure​ ​described​ ​in​ ​the​ ​Fig.​ ​6​ ​caption.​ ​For​ ​each​
​latitude​​band,​​the​​annual​​mean​​value​​is​​calculated​​by​​applying​​a​​two-harmonic​​fit​​with​​constant​
​offset​​to​​the​​detrended​​data,​​and​​using​​the​​offset​​to​​represent​​the​​annual​​mean​​value.​​The​​global​
​mean,​​averaged​​across​​all​​eight​​latitude​​bands,​​is​​subtracted​​to​​center​​the​​global​​annual​​mean​​in​
​both​ ​lines​ ​at​ ​0.​ ​Because​ ​model​ ​simulations​ ​have​ ​arbitrary​ ​global​ ​mean​ ​values​ ​before​ ​this​
​subtraction,​​only​​the​​meridional​​gradient​​of​​the​​annual​​mean​​values​​should​​be​​interpreted,​​rather​
​than​ ​the​ ​absolute​ ​values.​ ​Gray​ ​shading​ ​represents​ ​uncertainty​ ​in​ ​the​ ​observed​ ​annual​ ​mean​
​values,​ ​combining​ ​measurement​ ​uncertainty​​and​​uncertainty​​in​​the​​atmospheric​​non-oceanic​​O​​2​
​component​ ​corrections​ ​estimated​ ​from​ ​an​ ​ensemble​ ​of​ ​flux​ ​products​ ​and​ ​transport​ ​models​
​(Appendix C).​

​4 Caveats and future direction​

​4.1 Data gaps​

​Our​ ​flux​ ​calculations​ ​are​ ​limited​ ​by​ ​spatial​ ​data​ ​gaps​ ​in​ ​GOBAI-O​​2​ ​DO​ ​fields.​ ​We​ ​could​ ​not​

​resolve​​flux​​estimates​​over​​the​​Arctic​​(north​​of​​79.5°N),​​parts​​of​​the​​Southern​​Ocean​​seasonally​

​ice-covered​ ​zone​ ​(south​ ​of​ ​64.5°S),​ ​and​ ​most​ ​coastal​ ​regions​ ​due​ ​to​ ​these​ ​regions​ ​not​ ​being​

​included​​in​​the​​GOBAI-O​​2​ ​products.​​These​​regions​​account​​for​​approximately​​18%​​of​​Northern​

​Hemisphere​ ​oceans​ ​and​ ​8%​ ​of​ ​Southern​ ​Hemisphere​ ​oceans,​ ​collectively​ ​representing​ ​14%​ ​of​
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​the​ ​global​ ​ocean​ ​area.​ ​Simple​ ​area​ ​scaling​ ​has​ ​been​ ​used​ ​to​ ​correct​ ​pCO​​2​ ​products​​for​​similar​

​issues​​(Friedlingstein et al., 2025)​​, but is limited by these regions likely having unique fluxes.​

​High-latitude​ ​polar​ ​regions​ ​exhibit​ ​distinct​ ​seasonal​ ​variations​ ​in​ ​physical​ ​and​​biogeochemical​

​processes​​due​​to​​extreme​​light​​and​​temperature​​cycles,​​suggesting​​large​​seasonal​​cycles​​in​​air-sea​

​O​​2​ ​flux.​ ​Atmospheric​ ​O​​2​ ​observations​ ​collected​ ​at​ ​surface​ ​stations​ ​and​ ​along​ ​ship​ ​transects​

​confirm​ ​significant​ ​seasonal​ ​variation​ ​in​ ​these​ ​regions​ ​(Ishidoya​ ​et​ ​al.,​ ​2016;​ ​Jin​ ​et​ ​al.,​ ​2025;​

​Keeling​ ​et​ ​al.,​ ​2020;​ ​Stephens,​ ​2025)​​.​ ​The​ ​absence​ ​of​ ​flux​ ​estimates​ ​from​ ​these​ ​polar​ ​regions​

​likely​​leads​​to​​underestimation​​of​​the​​true​​seasonal​​amplitude​​in​​regional​​to​​hemispheric​​seasonal​

​flux​ ​cycles.​ ​TM3​ ​forward​ ​transport​ ​simulations​ ​indicate​ ​that​ ​flux​ ​SCA​ ​in​ ​the​ ​high​ ​southern​

​latitudes​ ​is​ ​underestimated​ ​(Fig.​ ​6),​ ​likely​ ​influenced​ ​by​ ​the​ ​lack​ ​of​ ​GOBAI-O​​2​ ​data​ ​south​ ​of​

​64.5°S, where summertime blooms could be underrepresented.​

​Similarly,​​the​​absence​​of​​coastal​​data​​limits​​our​​representation​​of​​nearshore​​processes​​that​​exhibit​

​intense​ ​seasonal​ ​biogeochemical​ ​activity​ ​due​ ​to​ ​coastal​ ​upwelling​ ​and​ ​riverine​ ​nutrient​​inputs.​

​Satellite-based​​chlorophyll-a​​data​​reveal​​significant​​blooms​​in​​coastal​​regions,​​for​​example,​​east​

​of​ ​the​ ​South​ ​American​ ​coast​ ​(Behrenfeld​ ​et​ ​al.,​ ​2005)​​.​ ​Without​ ​O​​2​ ​flux​ ​estimates​ ​over​ ​these​

​regions,​ ​we​ ​potentially​ ​miss​ ​summer-time​​O​​2​ ​outgassing​​events​​associated​​with​​high​​biological​

​productivity.​

​Here​​we​​explore​​the​​contribution​​of​​these​​data​​gaps​​to​​area-integrated​​flux​​seasonal​​cycles​​in​​the​

​Northern​ ​Hemisphere​ ​and​ ​Southern​ ​Hemisphere​ ​using​ ​a​ ​Community​ ​Earth​ ​System​ ​Model​

​version​ ​2​ ​(CESM2)​ ​Forced​ ​Ocean-Sea-Ice​ ​(FOSI)​ ​simulation​ ​(Yeager​ ​et​​al.,​​2022)​​,​​which​​was​

​evaluated​ ​as​ ​providing​ ​a​ ​reasonably​ ​good​ ​global​ ​air-sea​ ​O​​2​ ​flux​ ​(Jin​ ​et​ ​al.,​ ​2023,​ ​2025)​​.​ ​By​

​excluding​ ​GOBAI-O​​2​ ​data-gap​ ​grid​ ​cells​ ​from​ ​the​ ​CESM2​ ​output,​ ​the​ ​2011-2020​ ​average​

​seasonal​ ​flux​​amplitude​​is​​reduced​​from​​14.9​​to​​14.2​​mol​​m​​-2​ ​year​​-1​​,​​and​​from​​16.1​​to​​15.1​​mol​

​m​​-2​ ​year​​-1​​in the Northern and Southern Hemisphere, respectively.​

​Spatial​ ​data​ ​gaps​ ​also​ ​introduce​ ​uncertainties​ ​in​ ​annual​ ​mean​ ​flux​ ​estimates.​ ​We​ ​assume​ ​zero​

​flux​​and​​zero​​annual​​DO​​adjustment​​over​​these​​gaps.​​This​​ensures​​that​​extratopical​​annual​​mean​

​fluxes​ ​match​ ​the​ ​ocean-inversion​ ​constraints.​ ​However,​ ​this​ ​assumption​ ​may​ ​spatially​ ​bias​

​regional​ ​estimates​ ​by​ ​assigning​ ​compensatory​ ​fluxes​ ​to​ ​resolved​ ​areas.​ ​We​ ​also​ ​explore​ ​the​

​contribution​ ​of​ ​these​ ​data​ ​gaps​ ​to​ ​area-integrated​ ​annual​ ​mean​ ​fluxes​ ​in​ ​the​ ​equatorial​ ​region​
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​(20°S-20°N),​ ​northern​ ​extratropics​ ​(>20°N),​ ​and​ ​southern​ ​extratropics​ ​(<20°S)​ ​using​ ​CESM.​

​The​ ​2011-2020​ ​average​ ​equatorial​ ​outgassing​ ​decreases​ ​from​ ​214​ ​to​ ​191​ ​Tmol,​ ​northern​

​extratropical​ ​ingassing​ ​increases​ ​from​ ​55​ ​to​ ​56​ ​Tmol,​ ​and​ ​southern​ ​extratropical​ ​ingassing​

​decreases​ ​from​ ​45​ ​to​ ​37​ ​Tmol.​ ​This​ ​calculation​ ​indicates​ ​that​ ​our​ ​zero-flux​ ​assumption​

​overestimates​ ​tropical​ ​outgassing​ ​and​ ​southern​​ingassing​​in​​resolved​​regions​​to​​compensate​​for​

​missing fluxes.​

​4.2 DO machine-learning interpolation methods​

​Our​ ​flux​ ​estimates​ ​might​ ​be​ ​limited​ ​by​ ​potential​ ​systematic​ ​biases​ ​in​ ​GOBAI-O​​2​ ​DO​ ​fields​

​arising​ ​from​ ​the​ ​ML​ ​methodology.​ ​Here​ ​we​ ​employ​ ​the​ ​latest​ ​GOBAI-O​​2​ ​version​ ​v2.3.​

​Alternatively,​ ​we​ ​resolve​ ​fluxes​ ​using​ ​two​ ​earlier​ ​versions​ ​v2.1​ ​and​ ​v2.2,​ ​which​ ​use​ ​slightly​

​different​ ​ML​ ​methodologies​ ​(Section​ ​2.1).​ ​While​ ​hemispheric-scale​ ​O​​2​ ​flux​ ​seasonal​

​climatologies​ ​remain​ ​consistent​ ​across​ ​all​ ​three​ ​versions​ ​(Fig.​ ​S4),​ ​regional​ ​discrepancies​

​emerge,​ ​especially​ ​over​ ​the​ ​Indian​ ​and​ ​equatorial​ ​regions,​ ​where​ ​sparse​ ​observations​ ​make​

​reconstructed DO fields sensitive to methodological differences.​

​We​ ​find​ ​large​ ​deviations​ ​in​ ​uncorrected​ ​regional​ ​to​ ​global​ ​annual​ ​mean​ ​fluxes​ ​across​ ​three​

​versions​​of​​GOBAI-O​​2​ ​(Fig.​​S5).​​While​​v2.3​​suggests​​a​​1029​​Tmol​​yr​​-1​ ​annual​​outgassing,​​v2.1​

​(2004-2022​ ​average)​ ​indicates​ ​a​ ​net​ ​O​​2​ ​uptake​ ​of​​707​​Tmol​​yr​​-1​ ​and​​v2.2​​(2004-2023​​average)​

​shows​​a​​net​​O​​2​ ​uptake​​of​​258​​Tmol​​yr​​-1​​.​​These​​strong​​O​​2​ ​uptake​​estimates​​in​​v2.1​​and​​v2.2​​result​

​from​ ​a​ ​combination​​of​​stronger​​O​​2​ ​sinks​​in​​the​​Southern​​Hemisphere​​and​​weaker​​O​​2​ ​sources​​in​

​the​ ​Northern​ ​Hemisphere​ ​compared​ ​to​ ​v2.3​​(Fig.​​S5S​​and​​T),​​indicating​​that​​the​​annual​​flux​​is​

​particularly​​sensitive​​to​​small​​perturbation​​in​​DO.​​The​​global​​annual​​flux​​from​​these​​two​​earlier​

​versions​ ​also​ ​significantly​​deviates​​from​​our​​heat​​flux​​constraint​​of​​an​​average​​of​​61​​Tmol​​yr​​-1​​.​

​Although​​our​​heat​​flux​​constraint​​removes​​spread​​in​​global​​annual​​mean​​flux​​resolved​​across​​DO​

​versions, large differences in regional annual mean flux persist even after adjustment (Fig. S5).​

​The​​DO​​method​​uncertainty​​in​​GOBAI-O​​2​ ​depends​​on​​the​​distribution​​of​​available​​training​​data​

​and​ ​the​ ​ability​ ​of​ ​ML​ ​algorithms​ ​to​ ​represent​ ​underlying​ ​system​ ​variability,​ ​with​ ​larger​

​uncertainties​ ​in​ ​regions​ ​of​ ​high​ ​natural​ ​variability​ ​and​ ​sparse​ ​sampling​ ​(Fig.​ ​5).​ ​High​

​uncertainties​ ​could​ ​also​ ​occur​ ​where​ ​water​ ​masses​ ​with​ ​similar​ ​physical​ ​characteristics​ ​but​

​different​ ​oxygen​ ​signatures​​mix,​​highlighting​​challenges​​in​​distinguishing​​biogeochemical​​from​
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​physical​​drivers​​using​​available​​training​​parameters.​​While​​ML​​reconstructions​​provide​​spatially​

​and​ ​temporally​ ​complete​ ​datasets,​ ​they​ ​may​ ​exhibit​ ​smoothing​ ​effects​ ​that​ ​dampen​ ​extreme​

​surface​ ​ocean​ ​DO​ ​values​ ​critical​ ​for​ ​accurate​ ​flux​ ​estimates​ ​on​ ​short​ ​timescales.​ ​The​ ​monthly​

​temporal​ ​resolution​ ​may​ ​also​ ​fail​ ​to​ ​resolve​ ​episodic​ ​events​ ​that​ ​significantly​ ​contribute​ ​to​

​regional​​flux​​budgets.​​For​​example,​​ocean​​heat​​waves​​that​​lead​​to​​low​​oxygen​​extremes​​(Li​​et​​al.,​

​2024)​​,​​storm-induced​​deep​​mixing​​events​​that​​induce​​surface​​cooling​​and​​potentially​​draw-down​

​of​ ​surface​ ​DO​ ​and​ ​also​ ​phytoplankton​ ​blooms​ ​afterwards​ ​(Walker​ ​et​ ​al.,​ ​2005)​​,​ ​and​ ​episodic​

​phytoplankton​ ​blooms​​induced​​by​​dust​​deposition​​over​​the​​Indian​​Ocean​​(Banerjee​​and​​Kumar,​

​2014)​​.​ ​Furthermore,​ ​ML​ ​models​ ​are​ ​inherently​ ​limited​ ​by​ ​their​ ​training​ ​data,​ ​meaning​

​poorly-represented processes or conditions may not be accurately captured in reconstructions.​

​GOBAI-O​​2​ ​integrates​ ​observations​ ​from​ ​both​ ​ship-based​ ​measurements​ ​and​ ​Argo​ ​floats,​ ​and​

​therefore,​​offsets​​between​​these​​platforms​​and​​between​​ships​​could​​introduce​​systematic​​biases​​in​

​reconstructions,​ ​requiring​ ​more​ ​careful​ ​strategies​​to​​synthesize​​these​​datasets​​(Bushinsky​​et​​al.,​

​2025)​​.​ ​The​ ​latest​ ​v2.3​ ​has​ ​applied​ ​corrections​ ​to​ ​Argo​ ​measurements​ ​to​ ​minimize​ ​systematic​

​biases.​

​We​ ​note​ ​that​ ​there​ ​are​ ​other​ ​gridded​ ​global​ ​ocean​​DO​​products​​available​​that​​could​​be​​used​​to​

​calculate​​air-sea​​O​​2​ ​fluxes.​​Ito​​et​​al.​​(2024)​​provide​​monthly​​mean​​DO​​fields​​from​​1965-2020​​at​

​1°×1°​​resolution​​from​​Pole-to-Pole​​and​​from​​surface​​to​​1000​​m​​depth.​​This​​product​​uses​​neural​

​networks​ ​and​ ​random​ ​forest​ ​regression​ ​to​ ​construct​ ​DO​ ​fields​ ​by​ ​relating​ ​historical​ ​data​ ​from​

​ship-based​ ​measurements​ ​(bottle​ ​and​ ​CTD-O​​2​​)​ ​and​ ​BGC-Argo​​profiles​​(after​​2005)​​to​​climate,​

​spatial,​ ​and​ ​temporal​ ​variables.​ ​Gouretski​ ​et​ ​al.​ ​(2024)​ ​provide​ ​monthly​ ​mean​ ​DO​ ​fields​​from​

​1960​ ​onward​ ​at​ ​1°×1°​ ​resolution​ ​from​ ​Pole-to-Pole​ ​and​ ​from​ ​surface​ ​to​ ​6000​ ​m​ ​depth.​ ​This​

​product​ ​applies​ ​enhanced​ ​quality​ ​control​ ​procedures​ ​to​ ​data​ ​from​ ​bottle,​ ​CTD,​ ​and​ ​Argo​​float​

​measurements,​​then​​uses​​a​​mapping​​method​​(Cheng​​et​​al.,​​2017)​​to​​spatially​​interpolate​​oxygen​

​data.​ ​While​ ​these​ ​products​ ​offer​ ​valuable​ ​DO​ ​fields,​ ​we​ ​chose​ ​GOBAI-O​​2​ ​because​​it​​provides​

​detailed,​​source-specific​​uncertainty​​estimates​​that​​facilitate​​quantifying​​flux​​uncertainty​​through​

​large​ ​ensembles.​ ​Additionally,​ ​our​ ​goal​ ​is​ ​to​ ​illustrate​ ​the​ ​feasibility​ ​of​ ​calculating​ ​air-sea​ ​O​​2​

​fluxes​ ​from​ ​ML-based​ ​DO​ ​products​ ​rather​ ​than​ ​to​ ​conduct​ ​a​ ​full​ ​intercomparison​ ​of​ ​different​

​observational​ ​products.​ ​Nevertheless,​ ​future​ ​studies​ ​could​ ​focus​ ​on​ ​calculating​ ​fluxes​ ​using​

​35​

​739​

​740​

​741​

​742​

​743​

​744​

​745​

​746​

​747​

​748​

​749​

​750​

​751​

​752​

​753​

​754​

​755​

​756​

​757​

​758​

​759​

​760​

​761​

​762​

​763​

​764​

​765​

​766​

​767​

https://doi.org/10.5194/essd-2025-738
Preprint. Discussion started: 23 December 2025
c© Author(s) 2025. CC BY 4.0 License.



​different​ ​products​ ​and​ ​quantifying​ ​differences​ ​in​ ​flux​ ​estimates​ ​arising​ ​from​ ​distinct​

​methodologies.​

​4.3 Gas exchange parameterization​

​Robust​ ​O​​2​ ​flux​ ​calculations​ ​through​ ​gas​ ​exchange​ ​parameterization​ ​require​ ​a​ ​better​

​understanding​​of​​bubble-mediated​​flux​​processes.​​An​​earlier​​study​​identified​​that​​in​​the​​Labrador​

​Sea,​ ​two-thirds​ ​of​ ​annual​ ​oxygen​ ​uptake​ ​occurs​ ​over​ ​only​ ​40​ ​days​ ​in​ ​winter​ ​due​ ​to​

​bubble-mediated​ ​air-sea​ ​gas​ ​transfer​ ​under​ ​high​ ​wind​ ​and​ ​deep​ ​convection​ ​conditions​

​(Atamanchuk​​et​​al.,​​2020)​​.​​For​​individual​​regions,​​the​​ensemble​​mean​​flux​​calculated​​using​​each​

​gas​ ​exchange​ ​scheme​ ​shows​ ​significant​ ​uncertainty,​ ​especially​ ​over​ ​high-latitude​ ​regions​ ​in​

​winter,​ ​leading​ ​to​ ​large​ ​spread​ ​in​ ​annual​ ​mean​ ​flux​​estimates​​(Fig.​​A1).​​These​​wintertime​​flux​

​anomalies​ ​largely​ ​shape​ ​the​ ​seasonal​ ​flux​ ​cycle.​ ​Our​ ​flux​ ​seasonal​ ​cycle​ ​evaluation​ ​(Fig.​ ​6)​

​reveals certain errors (i.e., RMSE) at high latitudes.​

​Recent​ ​advances​ ​in​ ​gas​ ​exchange​ ​theory​ ​offer​ ​promising​ ​improvements​​for​​future​​studies.​​The​

​universal​​wind-wave-bubble​​formulation​​developed​​by​​Deike​​et​​al.​​(2025)​​explicitly​​accounts​​for​

​asymmetric​ ​bubble-mediated​ ​fluxes​ ​through​ ​wave​ ​breaking​ ​statistics.​ ​This​ ​approach​ ​has​

​demonstrated​ ​improved​ ​representation​ ​of​ ​DO​ ​concentrations​ ​in​ ​Pacific​ ​Subantarctic​ ​Mode​

​Waters​ ​during​ ​their​ ​formation​ ​period​ ​in​ ​winter​ ​(August–September),​ ​suggesting​ ​it​ ​could​

​substantially​ ​reduce​ ​uncertainties​ ​in​ ​regional​ ​O​​2​ ​flux​ ​estimates,​ ​particularly​ ​in​ ​high-latitude​

​winter conditions where bubble processes dominate.​

​4.4 Annual mean flux​

​Our​​study​​shows​​the​​annual​​mean​​O​​2​ ​flux​​estimates​​remain​​the​​largest​​uncertainty.​​Reducing​​this​

​uncertainty​​is​​critical​​for​​using​​atmospheric​​O​​2​ ​and​​CO​​2​ ​observations​​to​​constrain​​land​​and​​ocean​

​carbon​ ​partitioning​ ​through​ ​budget​ ​equations​ ​(Bender​ ​et​ ​al.,​ ​2005;​ ​Friedlingstein​ ​et​ ​al.,​ ​2025;​

​Keeling​​and​​Manning,​​2014)​​.​​Future​​research​​should​​focus​​on​​resolving​​annual​​mean​​fluxes​​and​

​their​ ​interannual​ ​variability​ ​by​ ​improving​ ​ocean​ ​interior​ ​DO​ ​reconstructions​ ​and​ ​developing​

​independent constraints that capture interannual flux variations.​
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​5 Conclusion​

​We​ ​develop​ ​a​ ​gridded​ ​product​ ​of​ ​monthly​ ​open​ ​ocean​ ​air-sea​ ​O​​2​ ​flux​ ​from​​2004​​to​​2024​​on​​a​

​1°×1°​ ​grid,​ ​leveraging​ ​ML-based​ ​DO​ ​data​ ​products​ ​(GOBAI-O​​2​​),​ ​combined​ ​with​ ​three​ ​gas​

​exchange​​parameterization​​schemes​​and​​three​​wind​​products.​​By​​incorporating​​a​​large​​ensemble​

​approach​​to​​quantify​​uncertainties​​and​​applying​​regional​​adjustments​​to​​align​​annual​​mean​​fluxes​

​with​​those​​derived​​from​​scaling​​ocean​​heat​​flux​​and​​from​​ocean​​inversions,​​our​​product​​provides​

​a​​robust​​representation​​of​​air-sea​​O​​2​ ​fluxes.​​This​​dataset​​captures​​pronounced​​seasonal​​variability​

​across​​latitude​​as​​well​​as​​the​​global​​annual​​mean​​flux.​​However,​​the​​meridional​​annual​​mean​​flux​

​pattern​ ​is​ ​biased​ ​toward​ ​excessive​ ​ingassing​ ​in​ ​the​ ​high​ ​southern​ ​latitudes​ ​and​ ​too​ ​large​

​outgassing​​in​​the​​equatorial​​region.​​Our​​results​​also​​reveal​​distinct​​basin-scale​​differences​​in​​both​

​flux patterns and seasonal amplitudes.​

​At​ ​the​​hemispheric​​scale,​​our​​flux​​estimates​​reveal​​the​​expected​​seasonal​​pattern​​of​​net​​oceanic​

​outgassing​ ​during​ ​summer​ ​and​ ​net​ ​uptake​ ​during​ ​winter,​ ​driven​ ​by​ ​the​ ​combined​ ​effects​ ​of​

​thermal​ ​solubility​ ​changes​ ​and​ ​seasonal​ ​biological​ ​productivity​ ​cycles​ ​(Figs.​ ​1-3).​ ​Significant​

​asymmetries​ ​exist​ ​between​ ​hemispheres,​ ​with​ ​the​ ​Northern​ ​Hemisphere​ ​exhibiting​ ​prolonged​

​summer​ ​outgassing​ ​periods​ ​lasting​ ​seven​ ​months​ ​and​ ​characteristic​​double-peak​​structures​​that​

​reflect​​complex​​interactions​​between​​mixed-layer​​changes​​and​​biological​​productivity.​​Regional​

​flux​​analysis​​reveals​​strong​​flux​​seasonal​​variations​​in​​subpolar​​regions,​​with​​the​​North​​Atlantic​

​subpolar​ ​zone​ ​and​ ​the​ ​high-latitude​ ​SO​ ​showing​ ​the​ ​most​ ​intense​ ​flux​ ​amplitudes​ ​due​ ​to​

​deep-water​ ​formation​ ​(Bushinsky​ ​et​ ​al.,​ ​2017;​ ​Koelling​ ​et​ ​al.,​ ​2022;​ ​Silva​ ​et​ ​al.,​ ​2024)​ ​and​

​extreme​​thermal​​cycling.​​Our​​global​​annual​​mean​​constraint​​forces​​the​​global​​ocean​​to​​be​​a​​weak​

​source​​of​​O​​2​​(Figs.​​3-4).​​On​​the​​regional​​scale,​​strong​​sinks​​dominate​​at​​high​​latitudes​​where​​cold​

​water​​formation​​and​​upwelling​​of​​oxygen-depleted​​deep​​waters​​create​​persistent​​undersaturation,​

​while​ ​weak​ ​sinks​ ​characterize​ ​equatorial​ ​upwelling​ ​zones​ ​where​ ​oxygen-poor​​waters​​reach​​the​

​surface​​(Eddebbar​​et​​al.,​​2017)​​.​​In​​contrast,​​weak​​sources​​occur​​in​​subtropical​​gyres​​and​​near​​the​

​Equator​ ​(e.g.,​ ​5°​​to​​20°)​​where​​warm,​​stratified​​conditions​​and​​biological​​productivity​​combine​

​to create surface supersaturation and net outgassing to the atmosphere.​

​Our​​uncertainty​​analysis​​reveals​​distinct​​patterns​​in​​the​​dominant​​sources​​of​​flux​​uncertainty​​that​

​vary​ ​by​ ​both​ ​geographic​ ​region​​and​​temporal​​scale​​(Fig.​​5).​​For​​monthly​​climatological​​fluxes,​
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​gas​​exchange​​uncertainty​​dominates​​at​​high​​latitudes​​due​​to​​the​​large​​spread​​in​​bubble-mediated​

​flux​ ​estimates​ ​under​ ​high​ ​wind​ ​conditions,​ ​where​ ​different​ ​parameterization​ ​schemes​ ​show​

​substantial​ ​disagreement​ ​in​ ​their​ ​representation​ ​of​ ​air​ ​injection​ ​processes.​ ​In​ ​contrast,​ ​DO​

​uncertainty​ ​controls​ ​flux​ ​uncertainty​ ​in​ ​low-latitude​ ​regions,​ ​particularly​ ​in​ ​areas​ ​with​ ​sparse​

​observational​ ​coverage​ ​where​ ​ML​ ​reconstruction​ ​methods​ ​struggle​ ​to​ ​accurately​ ​represent​ ​the​

​true​​spatial​​and​​temporal​​variability​​of​​ocean​​biogeochemistry.​​The​​annual​​mean​​flux​​uncertainty​

​follows​​similar​​geographic​​patterns​​for​​individual​​regions,​​but​​at​​the​​hemispheric​​scale​​becomes​

​dominated​ ​by​ ​complex​ ​interactions​ ​between​ ​DO,​ ​gas​ ​exchange​ ​parameterization,​ ​and​ ​wind​

​uncertainties.​ ​We​ ​note​ ​that​ ​uncertainty​ ​due​ ​to​ ​DO​ ​may​ ​essentially​ ​stem​ ​from​​the​​annual​​mean​

​flux adjustment that corrects DO concentrations for each ensemble member.​

​We​ ​evaluate​ ​our​ ​flux​ ​estimates​ ​by​ ​comparing​ ​forward​ ​transport​ ​simulations​ ​with​ ​global​

​atmospheric​ ​O​​2​ ​observations​ ​that​ ​have​ ​been​ ​corrected​ ​for​ ​non-oceanic​ ​O​​2​ ​flux​ ​contributions​

​(Figs.​ ​6-8).​ ​For​ ​seasonal​ ​cycles,​ ​our​ ​results​ ​show​ ​good​ ​agreement​ ​with​ ​airborne​

​tropospheric-average​ ​observations,​ ​though​ ​we​ ​find​​systematic​​overestimation​​of​​SCA​​at​

​low​​latitudes​​and​​underestimation​​of​​SCA​​at​​high​​southern​​latitudes​​(Fig.​​6​​and​​Table​​2).​​We​​also​

​find​​that​​seasonal​​maximum​​timing​​lags​​observations​​by​​about​​a​​month​​in​​high​​latitudes​​of​​both​

​hemispheres,​ ​and​ ​the​ ​seasonal​ ​minimum​ ​timing​ ​lags​ ​observations​ ​across​ ​all​ ​latitudes,​ ​with​

​particularly​ ​large​ ​lags​ ​of​ ​six​ ​weeks​ ​in​ ​southern​ ​low​ ​latitudes​ ​(40°​ ​-​ ​20°S).​ ​On​ ​annual​ ​mean​

​timescales,​ ​the​ ​agreement​ ​between​ ​simulated​​and​​observed​​long-term​​atmospheric​ ​trend​

​supports​​the​​reasonableness​​of​​our​​constrained​​global​​annual​​mean​​flux​​of​​an​​average​​of​​61​​Tmol​

​yr​​-1​​(Fig.​​7).​​However,​​this​​observational​​constraint​​has​​large​​uncertainty​​due​​to​​its​​sensitivity​​to​

​the​ ​other​ ​components​ ​used​ ​to​ ​isolate​ ​from​ ​APO​ ​measurements​ ​(Fig.​ ​7).​ ​Meridional​

​gradients​ ​in​ ​annual​ ​mean​ ​atmospheric​ ​concentrations​ ​reveal​ ​regional​ ​biases,​ ​with​ ​simulations​

​showing​​excessive​ ​in​​tropical​​regions​​relative​​to​​high​​latitudes,​​suggesting​​overestimated​

​extratropical​​ocean​​uptake​​and​​overestimated​​tropical​​outgassing​​in​​the​​ocean​​inversions​​used​​to​

​adjust our annual mean flux estimates (Fig. 8).​

​This​​dataset​​represents​​a​​significant​​advance​​over​​existing​​air-sea​​O​​2​ ​flux​​products​​by​​resolving​

​flux​ ​interannual​ ​variability,​ ​utilizing​ ​sophisticated​ ​ML-based​ ​DO​ ​fields​ ​that​ ​better​ ​capture​

​complex​ ​spatial​ ​and​ ​temporal​ ​patterns,​​and​​providing​​comprehensive​​uncertainty​​quantification​

​across​ ​multiple​ ​scales.​ ​Despite​ ​these​ ​advances,​ ​several​ ​opportunities​ ​remain​ ​for​ ​further​
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​improvement,​ ​including​ ​incorporation​ ​of​ ​high-latitude​​Arctic​​and​​coastal​​DO​​estimates​​that​​are​

​currently​​absent​​from​​GOBAI-O​​2​ ​products,​​collection​​of​​DO​​data​​in​​underrepresented​​areas​​(e.g.,​

​Indian​ ​Ocean​ ​and​ ​high-latitudes),​ ​continued​ ​development​ ​of​ ​ML​ ​algorithms​ ​to​ ​better​ ​handle​

​sparse​ ​and​ ​heterogeneous​ ​ocean​ ​observations,​ ​and​ ​refinement​ ​of​ ​bubble-mediated​ ​flux​

​parameterizations.​ ​The​ ​resulting​ ​flux​ ​product​ ​offers​ ​substantial​ ​value​ ​across​ ​multiple​ ​research​

​communities​ ​and​ ​applications.​ ​It​ ​can​ ​be​ ​used​ ​to​ ​improve​ ​atmospheric​ ​inversions​ ​on​ ​terrestrial​

​and​ ​oceanic​ ​carbon​ ​cycles.​ ​It​ ​can​ ​serve​ ​as​ ​critical​ ​benchmarks​ ​for​ ​evaluating​ ​ocean​

​biogeochemical​ ​models​ ​and​ ​atmospheric​ ​transport​ ​models.​ ​We​ ​provide​ ​this​ ​product​ ​for​

​community use.​
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​Appendix A. Gas-exchange parameterization​

​The​​W97​​method​​determines​​the​​net​​air-sea​​O​​2​ ​flux​​(F​​T​​,​​mol​​m​​-2​ ​s​​-1​​)​​by​​combining​​the​​diffusive​

​and bubble-mediated fluxes, following​

​where​ ​[O​​2​​]​​adj​ ​(μmol​ ​kgsw​​-1​​)​ ​is​ ​the​ ​adjusted​ ​mixed-layer-averaged​ ​DO​ ​concentration​ ​(Section​

​2.4).​ ​[O​​2​
​sat​​]​ ​(μmol​ ​kgsw​​-1​​)​ ​is​ ​the​ ​DO​ ​saturation​ ​concentration​ ​calculated​ ​following​ ​Garcia​ ​and​

​Gordon​ ​(1992)​​.​ ​k​​s​ ​and​ ​k​​b​ ​(m​ ​s​​-1​​)​ ​are​ ​the​ ​gas​ ​exchange​ ​velocity​ ​due​ ​to​ ​diffusive​ ​and​ ​bubble​

​processes,​​respectively.​​Δ​​e​​is​​the​​bubble-induced​​supersaturation,​​according​​to​​Woolf​​and​​Thorpe​

​(1991)​​.​​⍴​​w​​(kg​​m​​-3​​)​​is​​the​​seawater​​density​​as​​a​​function​​of​​temperature​​and​​salinity.​​The​​factor​​of​

​10​​-6​ ​is to convert the unit from μmol to mol. Here, we calculate​

​where​ ​(m​ ​s​​-1​​)​ ​is​ ​the​ ​friction​ ​velocity​ ​on​ ​the​ ​air​ ​side​ ​of​ ​the​ ​air-water​ ​interface,​ ​and​ ​is​

​calculated based on the unitless drag coefficient (C​​d​​) and 10-m wind speed (U​​10​​) following​

​and​ ​is​​the​​unitless​​Schmidt​​number​​for​​O​​2​​,​​calculated​​as​​a​​function​​of​​temperature,​​following​

​Wanninkhof​​(2014)​​.​

​k​​b​ ​is calculated following​

​in units of cm hr​​-1​ ​and then converted to m s​​-1​ ​by dividing by 360,000.​

​Δ​​e​ ​is calculated following​
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​where​ ​is the reference 10-m wind speed at which Δ​​e​​is 1% for O​​2​​, and is assumed to be​

​9.6 m s​​-1​​, according to​​Woolf and Thorpe (1991)​​.​

​For the L13 and S09 methods, the net flux calculation follows Eqs. 1-2. The diffusive flux (F​​s​​) is​

​calculated following​

​with​

​for​​the L13 method, and​

​for the S09​​method.​

​In​ ​these​ ​two​ ​methods,​​F​​c​ ​is​​calculated​​as​​the​​product​​of​​a​​mass​​transfer​​coefficient​​(k​​c​​,​​mol​​m​​-2​

​s​​-1​​) and O​​2​ ​atmospheric mole fraction (​ ​= 0.2094), following​

​while F​​p​ ​is calculated following​

​with​ ​k​​p​ ​(m​ ​s​​-1​​)​ ​as​ ​the​ ​gas​ ​exchange​ ​coefficient​ ​across​ ​the​ ​large​​bubble​​interface,​​and​​Δ​​P​ ​as​​the​

​bubble-produced increment of supersaturation.​

​For the L13 method, we have​
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​In Eqs. A12-14,​ ​(m s​​-1​​) represents the water-side friction velocity, and is calculated as​

​For the S09 method, we have​

​P​​a​ ​(Pa)​ ​is​ ​the​ ​atmospheric​ ​pressure​ ​at​ ​the​ ​sea​ ​surface​ ​and​ ​is​ ​assumed​ ​to​ ​be​ ​101,325​ ​Pa​ ​in​ ​our​

​calculation.​ ​(Pa)​ ​is​ ​the​ ​equilibrium​ ​water​ ​vapor​ ​pressure,​ ​calculated​ ​as​ ​a​ ​function​ ​of​

​temperature​​(Bolton, 1980)​​, following​

​(m​​2​ ​s​​-1​​)​ ​is​ ​the​ ​molecular​ ​diffusion​ ​coefficient​ ​for​ ​O​​2,​ ​with​ ​values​ ​of​ ​2×10​​-9​ ​at​ ​20°C​ ​and​

​1.25×10​​-9​ ​at​ ​0°C,​ ​and​ ​is​ ​assumed​ ​to​ ​vary​ ​linearly​ ​with​ ​temperature.​ ​T​​air​ ​is​ ​the​ ​surface​ ​air​

​temperature​ ​(°C)​ ​from​ ​ERA5​ ​(Hersbach​ ​et​​al.,​​2020)​​.​​D​​0​​(m​​2​ ​s​​-1​​)​​is​​used​​to​​ensure​​unit​​balance​

​and​​is​​equal​​to​​1.​​R​​(m​​3​ ​Pa​​mol​​-1​ ​K​​-1​​)​​is​​the​​gas​​constant,​​assumed​​to​​be​​8.314.​​T​​(K)​​is​​surface​

​ocean​​temperature.​​With​​10-m​​wind​​speed​​smaller​​than​​2.27,​​k​​c​ ​and​​k​​p​ ​are​​set​​to​​0.​​z​​b​​(m)​​is​​the​

​mean depth of large bubbles, calculated as a function of 10-m wind speed, following​

​with negative z​​b​ ​set to be 0.​
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​The​ ​Bunsen​​coefficient​​for​​O​​2​ ​(β)​​is​​determined​​from​​temperature​​(K)​​and​​salinity​​(PSU)​​using​

​the empirical relationship of​​Weiss (1970)​​, following​

​where​ ​A​​1​ ​=​ ​-58.3877,​ ​A​​2​ ​=​ ​85.8079,​ ​A​​3​ ​=​ ​23.8439,​ ​B​​1​ ​=​ ​-0.034892,​ ​B​​2​ ​=​ ​0.015568,​​and​​B​​3​ ​=​

​-0.0019387.​

​To​ ​illustrate​ ​flux​ ​differences​ ​from​ ​varying​ ​gas​ ​exchange​ ​parameterization​ ​schemes​ ​and​ ​wind​

​products,​ ​we​ ​show​ ​monthly​ ​climatologies​ ​with​ ​different​ ​parameterization​ ​schemes​ ​(Fig.​ ​A1,​

​using CCMP wind) and different wind products (Fig. A2, using the L13 scheme).​
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​Fig.​​A1:​​Similar​​to​​Fig.​​2,​​but​​showing​​comparisons​​of​​ensemble​​mean​​air-sea​​O​​2​ ​flux​​seasonal​
​climatologies​ ​for​ ​20​ ​RECCAP2​ ​regions​ ​resolved​ ​using​ ​each​ ​of​ ​the​ ​three​ ​gas​ ​exchange​
​parameterization schemes (W97, L13, and S09) and the CCMP wind product.​
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​Fig.​​A2:​​Similar​​to​​Fig.​​2,​​but​​showing​​comparisons​​of​​ensemble​​mean​​air-sea​​O​​2​ ​flux​​seasonal​
​climatologies​​for​​20​​RECCAP2​​regions​​resolved​​using​​each​​of​​the​​three​​wind​​products​​(CCMP,​
​ERA-5, and JRA-3Q) and the L13 gas exchange parameterization scheme.​
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​Appendix B. Annual mean flux adjustment​

​We​​apply​​concentration​​adjustments​​to​​GOBAI-O​​2​ ​DO​​fields​​to​​force​​global​​and​​regional​​annual​

​mean​​fluxes​​to​​match​​independent​​observation-based​​estimates.​​For​​the​​global​​annual​​flux​​(​ ​),​

​we adopt the method in Keeling and Manning​​(2014)​​, following​

​In​ ​this​ ​equation,​ ​(4.8±2.6​ ​nmol​ ​J​​-1​​)​ ​is​ ​the​ ​O​​2​ ​flux​ ​to​ ​ocean​ ​heat​ ​flux​ ​ratio​ ​(Keeling​ ​and​

​Garcia,​​2002)​​.​​Q​​is​​the​​net​​observed​​change​​in​​ocean​​heat​​content,​​computed​​by​​combining​​the​​0​

​to​​2​​km​​depth​​range​​from​​the​​NCEI​​product​​(Levitus​​et​​al.,​​2012,​​2017)​​and​​below-2km​​warming​

​with​​a​​constant​​rate​​of​​change​​of​​1.6​​TW​​year​​-1​ ​(Desbruyères​​et​​al.,​​2016)​​.​​Z​​anthN​ ​is​​an​​additional​

​term​ ​quantifying​ ​the​ ​outgassing​ ​due​ ​to​ ​nitrogen​ ​deposition,​ ​estimated​ ​to​ ​be​ ​19±10​ ​Tmol​ ​yr​​-1​

​(Keeling​ ​and​ ​Manning,​ ​2014;​ ​Resplandy​ ​et​ ​al.,​ ​2019)​​.​ ​This​ ​estimate​ ​effectively​ ​quantifies​ ​the​

​expected​​annual​​O​​2​ ​flux​​due​​to​​solubility​​effects​​(i.e.,​​ocean​​warming)​​and​​additional​​influences​

​of ocean stratification and biology averaged over interannual to decadal time scales.​

​We​ ​calculate​ ​for​ ​each​ ​year​ ​after​ ​1980.​ ​However,​ ​the​ ​raw​ ​annual​ ​values​ ​exhibit​ ​IAV​ ​with​

​substantial​​uncertainties,​​driven​​primarily​​by​​fluctuations​​in​​ocean​​heat​​content.​​The​​relationship​

​between​​ocean​​heat​​flux​​and​​O​​2​ ​flux​​in​ ​is​​more​​robust​​on​​decadal​​timescales​​than​​for​​IAV,​​as​

​shorter-term​​variations​​in​​air-sea​​O​​2​ ​exchange​​can​​be​​influenced​​by​​ocean​​ventilation​​that​​are​​not​

​directly​ ​coupled​ ​to​ ​heat​ ​uptake​ ​(Hamme​ ​and​ ​Keeling,​ ​2008;​ ​Keeling​ ​and​ ​Garcia,​ ​2002)​​.​ ​To​

​reduce​ ​this​ ​IAV​ ​and​ ​provide​ ​a​ ​constraint​ ​that​ ​better​ ​reflects​ ​the​ ​near-steady​ ​state​ ​heat-O​​2​

​relationship,​ ​we​ ​calculate​ ​smoothed​ ​annual​ ​values​ ​by​ ​applying​ ​a​ ​weighted​ ​linear​​regression​​to​

​the​ ​time​ ​series,​ ​with​ ​weights​​determined​​by​​the​​inverse​​square​​of​​the​​annual​​uncertainties.​

​The​ ​uncertainty​ ​in​ ​the​ ​smoothed​ ​for​ ​each​ ​year​ ​incorporates​ ​the​ ​uncertainty​ ​in​ ​the​ ​fitted​

​regression​ ​line​ ​itself,​ ​quantified​ ​by​ ​the​ ​standard​ ​error​ ​of​ ​the​ ​fitted​ ​values​ ​and​ ​the​ ​underlying​

​uncertainties​​in​​the​​raw​ ​calculations.​​We​​combine​​these​​uncertainties​​in​​quadrature​​to​​obtain​

​the​​total​​1-σ​​uncertainty​​for​​each​​year.​​For​​2024,​​where​​no​​raw​ ​calculation​​exists,​​we​​use​​the​

​mean​​raw​​uncertainty​​from​​2004-2023​​as​​a​​representative​​estimate.​​The​​linear​​fit​​yields​​a​ ​in​

​2004​ ​of​ ​53±49.4​ ​Tmol​ ​year​​-1​​,​ ​and​ ​in​ ​2024​ ​of​ ​70±33.1​ ​Tmol​ ​year​​-1​​,​ ​with​ ​a​ ​2004-2024​​average​

​value​​of​​61​​Tmol​​year​​-1​​.​​We​​report​​the​​raw​ ​and​​fitted​​value​​as​​well​​as​​uncertainties​​in​​Table​

​B1.​
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​We​​also​​adjust​​regional​​annual​​mean​​fluxes​​to​​match​​ocean​​inversion​​model​​estimates​​of​​annual​

​O​​2​ ​flux​ ​from​ ​Resplandy​ ​et​ ​al.​ ​(2016)​​,​ ​which​ ​reported​ ​fluxes​ ​for​ ​21​ ​ocean​ ​basins​ ​from​ ​seven​

​inversions.​ ​We​ ​only​​use​​five​​of​​the​​seven​​inversions​​(Table​​B2)​​that​​are​​selected​​based​​on​​their​

​smaller​ ​tropical-southern​ ​ocean​ ​O​​2​ ​flux​ ​gradients​ ​with​ ​better​ ​agreement​ ​to​ ​atmospheric​

​observations​ ​of​ ​O​​2​ ​gradients.​ ​Nevertheless,​ ​the​ ​five​ ​products​ ​still​ ​overestimate​ ​the​

​tropical-extratropical​ ​flux​ ​gradient​ ​(Fig.​ ​8).​ ​For​ ​each​ ​inversion,​ ​we​ ​integrate​ ​the​ ​flux​ ​into​ ​six​

​large​​ocean​​regions​​(Fig.​​B1)​​rather​​than​​finer​​spatial​​scales​​to​​minimize​​abrupt​​changes​​in​​flux​

​at​​regional​​boundaries​​(Table​​B2).​​These​​inversions​​represent​​only​​the​​pre-industrial​​steady​​state,​

​which​​sum​​to​​near​​zero​​flux​​on​​the​​global​​scale.​​Because​​these​​inversions​​do​​not​​include​​regional​

​variations​ ​in​​climate​​change​​impacts,​​our​​flux​​adjustments​​may​​not​​fully​​capture​​anthropogenic​

​trends in air-sea O​​2​ ​fluxes that vary spatially.​

​For​​each​​ensemble​​iteration​​of​​flux​​estimation​​and​​for​​each​​year,​​we​​adjust​​the​​DO​​field​​by​​a​​set​

​of​ ​constant​ ​values​ ​for​ ​each​ ​of​ ​the​ ​six​ ​ocean​ ​regions​ ​corresponding​ ​to​ ​a​ ​randomly​ ​selected​

​inversion​ ​from​ ​the​ ​five​ ​available​ ​for​ ​individual​ ​regions​ ​(Table​ ​B2),​ ​and​ ​a​ ​global​ ​adjustment​

​randomly​ ​sampled​ ​from​ ​Table​ ​B1.​ ​Adjusting​ ​the​ ​regional​ ​and​ ​global​ ​total​ ​fluxes​ ​every​ ​year​

​removes​ ​the​ ​original​ ​flux​ ​IAV​ ​and​​trends​​from​​the​​raw​​flux​​product,​​while​​imposing​​smoothed​

​global annual mean flux trends derived from the ocean heat flux constraint.​

​The​ ​adjustment​ ​for​ ​GOBAI-O​​2​ ​v2.3​ ​(Fig.​ ​B2),​ ​averaged​​from​​2004​​to​​2024,​​indicates​​that​​DO​

​concentrations​ ​need​ ​to​ ​be​ ​adjusted​ ​downward​ ​across​ ​all​ ​six​ ​ocean​ ​regions,​ ​resulting​​in​​greater​

​ocean​ ​O​​2​ ​uptake​ ​or​ ​reduced​ ​outgassing​ ​in​ ​the​ ​adjusted​​flux​​estimates.​​In​​descending​​order,​​the​

​averaged​ ​adjustments​ ​are​ ​-3.50​ ​μmol​ ​kg​​-1​ ​for​ ​the​​North​​Atlantic,​​-3.25​​μmol​​kg​​-1​ ​for​​the​​North​

​Pacific,​ ​-3.13​​μmol​​kg​​-1​ ​for​​the​​Indian​​Ocean,​​-2.54​​μmol​​kg​​-1​ ​for​​the​​Equatorial​​Atlantic,​​-2.12​

​μmol kg​​-1​ ​for the Equatorial Pacific, and -0.30 μmol kg​​-1​ ​for the Southern Ocean.​

​Over​ ​time,​ ​the​ ​adjustments​ ​show​ ​a​ ​trend​ ​toward​ ​larger​ ​reductions​ ​in​​DO​​concentrations​​in​​the​

​Indian​ ​Ocean,​ ​while​ ​other​ ​regions​ ​exhibit​ ​no​ ​significant​ ​temporal​ ​trends.​ ​This​ ​pattern​ ​occurs​

​because​ ​GOBAI-O​​2​ ​v2.3​ ​DO​ ​concentrations​ ​in​ ​the​ ​Indian​ ​Ocean​ ​decrease​ ​faster​ ​than​ ​the​

​corresponding​ ​decline​ ​in​ ​O​​2​ ​saturation​ ​calculated​ ​from​ ​temperature​ ​and​ ​salinity,​ ​which​ ​would​

​produce an increasing trend in oceanic O​​2​ ​uptake without the annual mean flux adjustment.​
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​The​ ​adjustment​ ​pattern​ ​varies​ ​across​ ​the​ ​three​ ​GOBAI-O​​2​ ​versions​ ​(Figs.​ ​S10-11),​ ​which​

​produce​​differences​​in​​mean​​DO​​over​​each​​ocean​​region.​​Despite​​these​​differences,​​all​​versions​

​consistently​ ​indicate​ ​that​ ​the​ ​North​ ​Atlantic​ ​and​ ​North​ ​Pacific​ ​require​ ​the​ ​largest​ ​DO​

​concentration​ ​reductions.​ ​The​ ​adjustments​ ​remain​ ​relatively​ ​small​ ​(<​ ​2%)​ ​compared​ ​to​ ​annual​

​average​ ​DO​ ​concentrations​ ​of​ ​approximately​ ​350​ ​μmol​ ​kg​​-1​ ​in​ ​high-latitude​ ​regions​ ​and​ ​200​

​μmol kg​​-1​ ​in tropical oceans.​

​Fig.​ ​B1:​ ​Map​ ​of​ ​six​ ​ocean​ ​regions​ ​used​ ​to​ ​constrain​ ​annual​ ​mean​ ​fluxes​ ​through​ ​five​ ​ocean​
​inversion​ ​estimates.​ ​Each​ ​colored​ ​region​ ​represents​ ​a​ ​distinct​ ​oceanic​ ​domain​ ​where​
​region-specific​ ​inversion​ ​constraints​ ​are​ ​applied​ ​to​ ​adjust​ ​the​ ​calculated​ ​air-sea​ ​O​​2​ ​flux​​annual​
​means.​ ​For​ ​each​ ​region,​ ​the​ ​target​ ​annual​ ​mean​ ​flux​ ​is​ ​integrated​ ​from​ ​finer-scale​ ​regions​
​reported in Resplandy et al.​​(2016)​​.​
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​Fig.​​B2:​​Required​​annual​​mean​​DO​​adjustment​​for​​the​​six​​ocean​​regions​​(Fig.​​B1)​​by​​year,​​based​
​on​ ​fluxes​ ​calculated​ ​using​ ​GOBAI-O​​2​ ​v2.3.​ ​These​ ​adjustments​ ​include​ ​both​ ​the​ ​global​ ​annual​
​mean​ ​adjustment​ ​and​ ​the​ ​regional​ ​adjustments.​ ​Similar​ ​figures​ ​showing​ ​required​ ​annual​ ​mean​
​DO​ ​adjustments​ ​for​ ​fluxes​ ​calculated​ ​using​ ​GOBAI-O​​2​ ​v2.1​ ​and​ ​v2.2​ ​are​ ​shown​ ​in​ ​Figs.​
​S10–S11,​ ​which​ ​reveal​ ​significant​ ​differences​ ​compared​ ​to​​v2.3,​​highlighting​​the​​sensitivity​​of​
​annual mean DO to ML methods.​
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​Fig.​ ​B3:​ ​Comparison​ ​of​ ​air-sea​ ​O​​2​ ​flux​ ​SCA​ ​for​ ​20​ ​RECCAP2​ ​regions​​(see​​Fig.​​3​​caption​​for​
​region​ ​definitions​ ​and​ ​map)​ ​calculated​ ​using​ ​raw​ ​fluxes​ ​(gray)​ ​versus​ ​fluxes​ ​from​ ​annual​
​mean-adjusted​ ​DO​ ​(black).​ ​Values​ ​are​ ​shown​ ​in​ ​mol​ ​m​​-2​ ​yr​​-1​ ​based​ ​on​ ​GOBAI-O​​2​ ​v2.3.​ ​The​
​ensemble​ ​1-σ​ ​standard​ ​deviation​ ​is​ ​also​ ​shown.​ ​Annual​ ​mean​ ​flux​ ​adjustments​ ​affect​ ​the​ ​flux​
​seasonal​ ​cycle​ ​because​ ​temporally​ ​constant​ ​DO​ ​adjustments​ ​interact​ ​with​ ​seasonally​ ​varying​
​wind speeds in the gas exchange parameterization.​
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​Table​ ​B1:​ ​Global​ ​annual​ ​mean​ ​air-sea​ ​O​​2​ ​flux​ ​derived​ ​from​ ​ocean​ ​heat​ ​content​ ​changes​ ​with​
​nitrogen​​deposition​​adjustment​​(Eq.​​B1).​​The​​original​​flux​​represents​​yearly​​estimates,​​while​​the​
​smoothed​​flux​​is​​obtained​​from​​an​​uncertainty-weighted​​linear​​regression​​to​​smooth​​the​​original​
​flux​ ​that​ ​has​ ​large​ ​IAV.​ ​We​ ​therefore​ ​use​ ​the​ ​smoothed​​flux​​to​​constrain​​our​​annual​​mean​​flux​
​estimates.​​Uncertainties​​(1-σ)​​for​​the​​original​​flux​​incorporate​​errors​​in​​the​​O​​2​​-to-heat​​flux​​ratio,​
​global​​ocean​​heat​​content​​changes,​​and​​the​​nitrogen​​deposition​​adjustment.​​Uncertainties​​for​​the​
​smoothed​ ​flux​​are​​calculated​​as​​the​​root​​sum​​of​​squares​​of​​the​​original​​flux​​uncertainty​​and​​the​
​regression fit uncertainty.​

​Year​
​Original flux (Tmol year​​-1​​)​ ​Smoothed flux (Tmol year​​-1​​)​

​Mean​ ​1-σ​ ​Mean​ ​1-σ​

​2004​ ​102​ ​49.1​ ​53​ ​49.4​

​2005​ ​35​ ​25.3​ ​54​ ​25.7​

​2006​ ​44​ ​24.5​ ​55​ ​24.9​

​2007​ ​38​ ​23.3​ ​56​ ​23.7​

​2008​ ​93​ ​41.2​ ​56​ ​41.4​

​2009​ ​48​ ​25.4​ ​57​ ​25.7​

​2010​ ​56​ ​27.3​ ​58​ ​27.6​

​2011​ ​94​ ​42.0​ ​59​ ​42.1​

​2012​ ​68​ ​31.1​ ​60​ ​31.3​

​2013​ ​94​ ​41.0​ ​61​ ​41.2​

​2014​ ​73​ ​30.6​ ​61​ ​30.9​

​2015​ ​76​ ​32.9​ ​62​ ​33.2​

​2016​ ​63​ ​27.3​ ​63​ ​27.7​

​2017​ ​38​ ​19.5​ ​64​ ​20.1​

​2018​ ​80​ ​34.3​ ​65​ ​34.7​

​2019​ ​80​ ​34.2​ ​66​ ​34.6​

​2020​ ​60​ ​25.9​ ​66​ ​26.5​

​2021​ ​112​ ​48.0​ ​67​ ​48.4​

​2022​ ​69​ ​30.3​ ​68​ ​31.0​

​2023​ ​64​ ​31.5​ ​69​ ​32.3​

​2024​ ​70​ ​33.1​
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​Table​ ​B2.​ ​Area-integrated​ ​annual​ ​mean​ ​air-sea​ ​O​​2​ ​flux​ ​(Tmol)​ ​of​ ​six​ ​large​ ​regions​ ​(Fig.​ ​B1)​
​estimated​ ​by​ ​five​ ​ocean​ ​inversions​ ​from​ ​Resplandy​ ​et​ ​al.​ ​(2016)​​.​ ​Positive​ ​as​ ​ocean​ ​O​​2​
​outgassing.​

​Regions​ ​MOM-LHS​ ​MOM-LL​ ​MOM-PSS​ ​MOM-RDS​ ​MITgcm-​
​ECCO​

​North​
​Atlantic​ ​-53.92​ ​-64.95​ ​-43.44​ ​-50.99​ ​-68.56​

​Equatorial​
​Atlantic​ ​37.07​ ​38.27​ ​42.74​ ​45.91​ ​36.70​

​North Pacific​ ​-25.27​ ​-25.95​ ​-42.96​ ​-33.18​ ​-32.62​

​Equatorial​
​Pacific​ ​78.31​ ​78.70​ ​91.59​ ​107.69​ ​106.17​

​Southern​
​Ocean​ ​-66.01​ ​-55.79​ ​-61.24​ ​-106.79​ ​-74.98​

​Indian Ocean​ ​31.66​ ​32.07​ ​15.30​ ​39.38​ ​34.17​

​Global Sum​ ​1.84​ ​2.35​ ​1.99​ ​2.02​ ​0.88​
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​Appendix​ ​C.​ ​Atmospheric​ ​APO​ ​measurements,​ ​non-oceanic​ ​O​​2​ ​flux​ ​corrections,​ ​and​

​uncertainty​

​The​​surface​​station​​APO​​observations​​are​​from​​the​​Scripps​​O​​2​ ​program​​(Keeling,​​2019)​​.​​We​​use​

​roughly​ ​bi-weekly​ ​flask​ ​δ(O​​2​​/N​​2​​)​ ​and​ ​CO​​2​ ​data​ ​(Eq.​ ​5)​ ​collected​ ​during​ ​clean​ ​background​ ​air​

​conditions​​from​​10​​sampling​​sites​​along​​the​​Pacific​​(map​​shown​​in​​Fig.​​S1A).​​Flask​​samples​​are​

​analyzed​ ​at​ ​Scripps​ ​using​ ​a​ ​custom​​interferometer​​and​​a​​non-dispersive​​infrared​​analyzer​​.​​The​

​sample​​times​​match​​the​​NOAA​​ObsPack​​CO​​2​ ​files​​from​​the​​Scripps​​O​​2​ ​Program​​(Schuldt​​et​​al.,​

​2021)​​.​

​APO​​observations​​in​​per​​meg​​units​​can​​be​​broken​​down​​into​​contributions​​from​​air-sea​​O​​2​​(​

​),​ ​air-sea​ ​CO​​2​ ​(​ ​),​ ​air-sea​ ​N​​2​ ​(​ ​),​ ​fossil​ ​fuel​ ​O​​2​ ​(​ ​),​ ​and​ ​fossil​ ​fuel​ ​CO​​2​ ​(​ ​)​

​fluxes, following​

​where​ ​(0.2094)​ ​and​ ​(0.7808)​ ​are​ ​the​ ​mole​ ​fractions​ ​of​​O​​2​ ​and​​N​​2​ ​in​​the​​atmosphere,​

​and​​Δ​​represents​​deviation​​in​​the​​atmospheric​​concentration​​of​​a​​tracer​​in​​units​​of​​ppm​​created​​by​

​the​​corresponding​​fluxes.​​Dividing​​by​ ​or​ ​converts​​the​​unit​​from​​ppm-equivalent​​to​​per​

​meg.​​For​​each​​tracer​​component​​on​​the​​RHS​​of​​Eq.​​C1,​​except​ ​,​​which​​is​​our​​target,​​we​​use​

​model​ ​forward​ ​transport​ ​of​ ​flux​ ​fields​ ​sampled​ ​at​ ​measurement​ ​locations​ ​and​ ​times.​ ​For​ ​each​

​tracer,​​we​​employ​​two​​different​​flux​​products​​and​​four​​different​​transport​​models​​from​​the​​APO​

​forward​ ​transport​ ​model​ ​intercomparison​ ​project​​(APO-MIP1,​​Jin​​et​​al.,​​2025)​​.​​The​​sum​​of​​the​

​last​ ​two​ ​terms​ ​in​ ​Eq.​ ​C1​ ​forms​ ​ΔAPO​​ff​​,​ ​which​ ​represents​ ​APO​ ​changes​ ​due​ ​to​ ​fossil​ ​fuel​

​burning.​

​For​ ​,​ ​we​ ​use​ ​a​ ​configuration​ ​of​ ​the​​Community​​Earth​​System​​Model​​(CESM2)​​Forced​

​Ocean-Sea-Ice​ ​(FOSI)​ ​simulation​ ​(Yeager​ ​et​ ​al.,​ ​2022)​ ​and​ ​a​ ​ML​ ​interpolation​ ​of​ ​pCO​​2​ ​based​

​air-sea CO​​2​ ​fluxes​​(Jersild et al., 2017; Landschützer et al., 2016)​​.​

​For​ ​,​ ​we​ ​use​ ​two​ ​flux​ ​products​ ​(​ ​)​ ​derived​ ​by​ ​scaling​ ​ocean​ ​heat​ ​flux​ ​from​ ​ERA5​

​reanalyses​​(Hersbach et al., 2020)​​and CESM2, following​
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​where​ ​dS/dT​ ​(mol​ ​kg​​−1​ ​C​​−1​​)​ ​is​ ​the​ ​temperature​ ​derivative​ ​of​ ​solubility​ ​using​ ​solubility​

​coefficients​ ​from​ ​Hamme​ ​&​ ​Emerson​ ​(2004)​​.​ ​C​​p​ ​represents​ ​the​ ​specific​ ​heat​ ​capacity​ ​of​

​seawater,​ ​which​ ​is​ ​assumed​ ​to​ ​be​ ​3993​ ​J​ ​kg​​−1​ ​C​​−1​​.​​The​​factor​​of​​1/1.3​​is​​to​​adjust​​the​​seasonal​

​amplitude as proposed by​​Jin et al.​​(2007)​​.​

​For​ ​and​ ​,​ ​we​ ​use​ ​fossil​ ​CO​​2​ ​emission​ ​and​​O​​2​ ​uptake​​fluxes​​from​​Jones​​et​​al.​​(2021)​​,​

​and​​CO​​2​ ​emission​​as​​prepared​​for​​the​​OCO-2​​Model​​Intercomparison​​Project​​(MIP)​​version​​10,​

​downloaded​​from​​Basu​​&​​Nassar​​(2021)​​.​​For​​the​​second​​product,​​O​​2​ ​combustion​​is​​not​​available,​

​but​​we​​estimate​ ​by​​scaling​​the​​atmospheric​​field​​of​ ​by​​a​​factor​​of​​-1.4​​(Keeling,​​1988;​

​Steinbach et al., 2011)​​.​

​We​ ​use​ ​four​ ​transport​ ​models.​ ​These​ ​include​ ​two​ ​versions​ ​of​ ​NICAM-TM,​ ​based​ ​on​ ​the​

​Nonhydrostatic​ ​Icosahedral​ ​Atmospheric​ ​Model​ ​(NICAM)​ ​(Niwa​ ​et​ ​al.,​ ​2011;​ ​Satoh​ ​et​ ​al.,​

​2014)​​;​ ​MIROC4-ACTM,​ ​a​ ​new​ ​generation​ ​Model​ ​for​ ​Interdisciplinary​ ​Research​ ​on​ ​Climate​

​(​​MIROC,​ ​version​ ​4.0;​ ​Watanabe​ ​et​ ​al.,​ ​2008)​​;​ ​the​ ​atmospheric​ ​general​ ​circulation​ ​model​

​(AGCM)-based​ ​chemistry-transport​ ​model​ ​(ACTM;​ ​Patra​ ​et​​al.,​​2018)​​;​​and​​CAMS_LMDZ,​​an​

​offline​ ​transport​ ​model​ ​from​ ​the​ ​Atmospheric​ ​General​ ​Circulation​ ​Model​ ​of​ ​Laboratoire​ ​de​

​Météorologie​ ​Dynamique,​ ​called​ ​LMDz.​ ​Detailed​ ​descriptions​​of​​these​​models​​are​​available​​in​

​Jin et al.​​(2025)​​.​

​We​ ​use​ ​airborne​ ​APO​ ​data​ ​from​ ​the​​NSF​​NCAR​​GV​​aircraft​​during​​the​​HIAPER​​Pole-to-Pole​

​Observations​​(HIPPO,​​Wofsy,​​2011)​​project​​from​​2009-2011,​​the​​O​​2​​/N​​2​ ​Ratio​​and​​CO​​2​ ​Airborne​

​Southern​​Ocean​​Study​​(ORCAS,​​Stephens​​et​​al.,​​2018)​​in​​January​​and​​February​​of​​2016,​​and​​the​

​NASA​ ​DC-8​ ​aircraft​ ​during​ ​the​ ​Atmospheric​ ​Tomography​ ​Mission​ ​(ATom,​ ​Thompson​ ​et​ ​al.,​

​2022)​ ​from​ ​2016​ ​to​ ​2018.​ ​HIPPO​ ​consisted​ ​of​ ​five​ ​campaigns​ ​along​ ​a​ ​Pacific​ ​transect,​​ATom​

​consisted​ ​of​ ​four​ ​campaigns​ ​covering​ ​both​ ​Pacific​ ​and​ ​Atlantic​ ​transects,​ ​and​ ​the​ ​six-week​

​ORCAS​​campaign​​provided​​dense​​sampling​​over​​the​​Drake​​Passage​​and​​ocean​​areas​​adjacent​​to​

​the​ ​tip​ ​of​​South​​America​​and​​the​​Antarctic​​Peninsula.​​The​​horizontal​​flight​​tracks​​are​​shown​​in​

​Fig. S1B-D.​
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​Airborne​ ​APO​ ​measurements​ ​were​ ​made​ ​with​ ​the​ ​NSF​ ​NCAR​ ​Airborne​ ​Oxygen​ ​Instrument​

​(AO2),​​using​​a​​vacuum-ultraviolet​​absorption​​technique​​to​​measure​​O​​2​ ​and​​a​​single-cell​​infrared​

​gas​​analyzer​​to​​measure​​CO​​2​ ​(Stephens​​et​​al.,​​2021g)​​.​​AO2​​produces​​measurements​​every​​2.5​​s,​

​which​ ​are​ ​averaged​ ​to​ ​10​ ​sec​ ​frequency​​for​​merging​​with​​other​​aircraft​​data.​​Airborne​​data​​are​

​also​ ​selected​ ​to​ ​match​​with​​the​​ObsPack​​CO​​2​​files.​​The​​AO2​​measurements​​were​​adjusted​​on​​a​

​per​ ​flight​ ​basis​ ​to​ ​agree​ ​with​ ​air​ ​samples​ ​collected​ ​during​ ​flight​ ​by​ ​the​ ​NSF​ ​NCAR/Scripps​

​Medusa​​flask​​sampler,​​which​​captures​​32​​samples​​per​​flight​​for​​subsequent​​laboratory​​analysis​​at​

​Scripps​ ​(Bent,​ ​2014;​ ​Stephens​ ​et​ ​al.,​ ​2021g)​​.​ ​These​ ​flask​ ​samples​ ​help​ ​identify​ ​and​ ​correct​

​time-dependent​ ​systematic​ ​biases​ ​in​ ​the​ ​continuous​ ​measurements.​ ​Before​ ​being​ ​used​ ​as​ ​a​

​reference,​ ​the​ ​Medusa​ ​data​ ​underwent​ ​their​ ​own​ ​adjustment​ ​process​ ​to​ ​minimize​ ​diffusive​

​fractionation effects inherent in flask sampling by applying an Ar/N​​2​ ​correction following​

​where​​δ(O​​2​​/N​​2​​)​​obs​​and​​δ(Ar/N​​2​​)​​obs​​represent​​Medusa​​flask​​measurements​​(Stephens​​et​​al.,​​2021g)​​.​

​The​ ​coefficient​ ​3.77​ ​represents​ ​the​ ​theoretical​ ​ratio​ ​between​ ​δ(Ar/N​​2​​)​ ​and​ ​δ(O​​2​​/N​​2​​)​ ​variations​

​resulting​​from​​thermal​​fractionation​​processes​ ​(Keeling​​et​​al.,​​2004;​​Stephens​​et​​al.,​​2021g)​​,​​and​

​is​​applied​​consistently​​across​​all​​campaigns.​​The​​constant​​15​​per​​meg​​is​​the​​approximate​​global​

​surface​​mean​​value​​from​​the​​Scripps​​stations​​on​​the​​Scripps​​Ar/N​​2​ ​scale.​​The​​corrected​​δ(O​​2​​/N​​2​​)​​*​

​has​​reduced​​sensitivity​​to​​both​​thermal​​and​​pressure-gradient​​fractionation​​artifacts​​arising​​from​

​airborne sampling and laboratory analysis.​

​Therefore,​ ​our​ ​AO2​ ​APO​ ​measurements​ ​adjusted​ ​to​ ​match​ ​Medusa​ ​data​ ​are​ ​effectively​ ​APO​​*​

​that contains δ(Ar/N​​2​​), following​

​The​​δ(Ar/N​​2​​)​​adjustment​​has​​minimal​​impact​​on​​the​​APO​​annual​​mean​​value,​​but​​it​​scales​​down​

​the​ ​APO​ ​seasonal​ ​cycle​ ​amplitude​ ​by​ ​about​ ​4%​ ​(Jin​​et​​al.,​​2025)​​.​​We​​correct​​for​​this​​δ(Ar/N​​2​​)​

​component​ ​of​ ​APO​​*​ ​by​ ​including​ ​an​ ​extra​ ​Ar/N​​2​ ​correction,​ ​which​ ​is​ ​scaled​ ​from​ ​the​

​correction​​(Jin et al., 2023)​​, following​
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​where​​X​​Ar​ ​(0.00934)​​is​​the​​mole​​fraction​​of​​Ar​​in​​the​​atmosphere.​​1/34​​is​​a​​scaling​​factor,​​which​

​is the ratio of Ar and N​​2​ ​air-sea fluxes driven by heat flux from Table 3 in​​(Manizza et al., 2012)​​.​

​Therefore,​ ​to​ ​correct​ ​for​ ​the​ ​non-oceanic​ ​O​​2​ ​flux​​contribution​​in​​airborne​​APO​​*​ ​data,​​we​​adapt​

​Eq. C1 following​

​using​ ​the​ ​same​ ​fluxes​ ​and​ ​forward​ ​atmospheric​ ​transport​ ​as​ ​described​ ​above.​ ​To​ ​quantify​ ​the​

​uncertainty​ ​of​ ​,​ ​we​ ​generate​ ​a​ ​large​ ​ensemble​ ​of​ ​station​ ​and​ ​airborne​ ​.​ ​We​ ​first​

​generate​ ​a​ ​large​ ​ensemble​ ​(1000​ ​members)​ ​of​ ​observation​ ​data.​ ​For​ ​airborne​ ​APO​​*​ ​data,​ ​we​

​consider​ ​uncertainty​ ​due​ ​to​ ​measurement​ ​imprecision​ ​and​ ​reproducibility​ ​(Stephens​ ​et​ ​al.,​

​2021g)​​,​​and​​the​​uncertainty​​of​​the​​land​​biosphere​​O​​2​​:CO​​2​ ​exchange​​ratio.​​For​​station​​APO​​data,​

​we​​generate​​a​​large​​ensemble​​of​​measurements​​using​​an​​error​​model​​that​​considers​​a​​span​​error​

​of​​1%​​in​​the​​laboratory​​calibration​​scale​​(Keeling​​et​​al.,​​2020)​​and​​long-term​​reference​​cylinder​

​effects​ ​including​ ​corrosion​ ​error​ ​of​ ​±0.3​ ​per​ ​meg​ ​yr​​-1​​,​ ​leakage​ ​error​ ​of​ ​±0.2​ ​per​ ​meg​ ​yr​​-1​​,​​and​

​desorption​ ​error​ ​of​ ​±0.1​ ​per​ ​meg​ ​yr​​-1​ ​(Keeling​ ​et​ ​al.,​ ​2007)​​.​ ​These​ ​systematic​ ​errors​ ​are​ ​held​

​constant​ ​across​ ​all​ ​stations​ ​for​ ​each​ ​ensemble​ ​member.​ ​In​ ​addition,​ ​for​ ​each​ ​individual​ ​flask​

​measurement,​​we​​add​​a​​random​​analytical​​error​​of​​±3.3​​per​​meg​​and​​a​​thermal​​fractionation​​error​

​of​​±2​​per​​meg.​​Using​​two​​air-sea​​CO​​2​ ​flux​​products,​​two​​air-sea​​N​​2​ ​flux​​products,​​two​​fossil​​fuel​

​O​​2​ ​and​ ​CO​​2​ ​flux​ ​products,​ ​and​ ​four​ ​atmospheric​ ​transport​ ​models,​ ​we​ ​generate​ ​32​ ​unique​

​non-oceanic​​O​​2​ ​flux​​correction​​combinations.​​We​​apply​​each​​combination​​to​​the​​station​​APO​​or​

​airborne​ ​APO​​*​ ​large​ ​ensemble,​ ​leading​ ​to​ ​32,000​ ​estimates​ ​of​ ​.​ ​The​ ​uncertainty​ ​of​ ​the​

​seasonal​ ​cycle​ ​and​ ​annual​ ​mean​ ​value​ ​at​ ​each​ ​station​ ​and​ ​for​ ​the​ ​latitudinally-binned​

​airborne​ ​tropospheric-average​​is​​then​​calculated​​as​​the​​1-σ​​ensemble​​spread.​​We​​note​​that​​these​

​non-oceanic​ ​O​​2​ ​flux​ ​corrections​ ​have​ ​a​ ​small​ ​impact​​on​​the​​APO​​seasonal​​cycle​​(Fig.​​C1),​​but​

​that​ ​the​ ​annual​ ​mean​ ​component​ ​of​ ​APO​ ​is​ ​particularly​ ​sensitive​ ​to​ ​the​ ​air-sea​ ​CO​​2​ ​flux​ ​and​
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​fossil​ ​fuel​ ​O​​2​ ​and​ ​CO​​2​ ​fluxes​ ​(Fig.​ ​7).​ ​For​ ​this​ ​reason,​ ​and​ ​because​ ​our​ ​atmospheric​​transport​

​model​ ​simulations​ ​have​ ​arbitrary​ ​background​ ​concentrations,​ ​we​ ​can​ ​not​ ​compare​ ​the​ ​global​

​annual-mean​ ​observed​ ​to​ ​forward​ ​transport​ ​simulations​ ​of​ ​our​ ​flux​ ​product.​ ​Thus,​ ​the​

​meridional​ ​tropospheric-average​ ​gradient​ ​comparison​ ​shown​ ​in​ ​Fig.​ ​8​ ​includes​ ​an​ ​arbitrary​

​global-mean adjustment that sets global mean concentrations to zero.​
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​Fig.​ ​C1:​ ​Monthly​ ​climatology​ ​(2004–2024)​ ​of​ ​hemispheric​ ​ensemble​ ​mean​ ​air-sea​ ​O​​2​ ​flux​
​(black)​ ​compared​ ​to​ ​non-oceanic​ ​flux​ ​correction​ ​components​ ​(2004–2020​ ​average)​ ​used​ ​to​
​correct​ ​APO​ ​observations.​ ​Each​ ​flux​ ​component​ ​(Tmol​ ​day​​-1​​)​ ​creates​ ​an​ ​atmospheric​ ​tracer​
​concentration​​in​​ppm​​units,​​which​​can​​be​​further​​converted​​to​​per​​meg​​units​​through​​scaling​​(Eq.​
​C1).​​Here,​​we​​scale​​each​​flux​​component​​(Eq.​​C1)​​to​​directly​​show​​its​​contribution​​to​​observed​
​APO​ ​in​ ​the​​per​​meg-equivalent​​unit.​​Note​​that​​air-sea​​N​​2​ ​flux​​is​​sign-reversed​​according​​to​​Eq.​
​C1.​ ​The​ ​comparison​ ​demonstrates​​that​​the​​non-oceanic​​O​​2​ ​flux​​components​​have​​much​​smaller​
​seasonal​ ​variations​ ​compared​ ​to​ ​the​ ​dominant​ ​air-sea​ ​O​​2​ ​flux​ ​that​ ​drives​ ​the​ ​observed​ ​APO​
​seasonal cycle.​
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​Data Availability​

​All datasets used in this study are listed in Table 3 with their DOIs.​

​Table 3: Datasets DOIs.​

​Datasets​ ​DOI​ ​Reference​

​GOBAI-O​​2​​-Flux (adjusted​
​and raw​

​https://zenodo.org/records/17​
​765275​ ​(Jin, 2025)​

​GOBAI-O​​2​ ​(all versions)​ ​https://doi.org/10.25921/z72​
​m-yz67​ ​(Sharp et al., 2022)​

​Scripps O​​2​ ​network surface​
​observations​

​https://doi.org/10.6075/J0WS​
​8RJR​ ​(Keeling, 2019)​

​HIPPO 10-second merge data​ ​https://doi.org/10.3334/CDIA​
​C/HIPPO_010​ ​(Wofsy, 2017)​

​Updated HIPPO1 AO2​
​measurements​

​https://doi.org/10.5065/D6J38​
​QVV​ ​(Stephens et al., 2021a)​

​Updated HIPPO2 AO2​
​measurements​

​https://doi.org/10.5065/D65Q​
​4TF0​ ​(Stephens et al., 2021b)​

​Updated HIPPO3 AO2​
​measurements​

​https://doi.org/10.5065/D67H​
​1GXJ​ ​(Stephens et al., 2021c)​

​Updated HIPPO4 AO2​
​measurements​

​https://doi.org/10.5065/D679​
​431D​ ​(Stephens et al., 2021d)​

​Updated HIPPO5 AO2​
​measurements​

​https://doi.org/10.5065/D6W​
​W7G0D​ ​(Stephens et al., 2021e)​

​ORCAS 10-second merge​
​data​

​https://doi.org/10.5065/D6SB​
​445X​ ​(Stephens, 2017)​

​Updated ORCAS AO2​
​measurements​

​https://doi.org/10.5065/D6N2​
​9VC6​ ​(Stephens et al., 2021f)​

​ATom 10-second merge data​ ​https://doi.org/10.3334/ORN​
​LDAAC/1925​ ​(Wofsy, 2021)​

​APO-MIP1 simulation​ ​https://doi.org/10.5065/f3pw-​
​a676​ ​(Stephens et al., 2025)​
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